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Summary 
Piracy behavior persists even though music-streaming technologies are 
seen as the solution. In this study, I postulate that irrationality or ‘bounded 
rationality’ has a big part to play in piracy behavior. In particular, habit has 
been found to be a significant factor in piracy behavior. However, the 
investigations of habitual piracy behavior have been conducted with dominant 
rational choice theories that are inherently more suitable to explain behaviors 
under volitional control (e.g. Theory of Planned Behavior; TPB). In addition, 
the investigation of piracy habit has been plagued with measurement issues.  
 
Hence, using a new socio-cognitive model proposed by LaRose 
(2010), this study has investigated music piracy behavior as a function of dual-
cognitive processes with automatic habit and conscious intention. It examines 
how habit plays a role in music piracy behavior among music streamers. 
Tenets of expected outcomes and deficient self-regulation (DSR) from the 
Social Cognitive Theory were used to examine the mechanisms of habit. An 
appropriate measure for the habit construct was adopted. A two-stage survey 
study was conducted with experienced music pirates recruited from Amazon 
Mechanical Turk (N=201).  
 
Structural equation analysis of data shows that habit is the sole 
predictor of music piracy behavior. Contrary to findings from TPB studies, 
intention has no direct effect on the behavior. Instead, intention only affects 
piracy behavior through the mediator of habit. Thus, experienced music 
pirates rely more on habit than intention for their downloading behavior.  
 
In order to explain the mechanisms of the habitual influence, we look 
at the factors of outcome expectations and DSR. The outcome expectation of 
punishment affects habit and intention strength, which provides hints on how 
industrial practitioners can curb piracy habit. The urge for digital possession 
of music files (i.e. outcome expectation of completionism) drives intention 
and habit to download, and subsequently promotes DSR strength.  
		 vi 
This study has found that the need for digital possession fueled the 
intention to download music. There may be an inherent collector’s mentality 
where “owning” music is preferred over “accessing” music. This may 
encourage some individuals to continue their pirating activities, as they 
perceived gratifications differences between collecting music via downloading 
versus streaming. The resultant model is adequate in which it explained 11% 
of the variability in illegal downloading behavior, 43% for intention of illegal 
downloading, 30% for DSR, and 33% for habit of illegal downloading. 
 
In all, the findings suggest that people do not depend on rational 
thinking when they engage in illegal downloading behavior. This study has 
shown a different piracy model guided by social cognitive theory and dual-
process model. The inclusion of the habit and DSR constructs answers the 
how and why of piracy behaviors. Future works in communication field 
should embrace the study of automaticity in media consumption behavior. 
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Music piracy in the era of streaming: A habit of illegal downloading 
The emergence of music-streaming technologies is changing the views on 
illegal downloading behavior. The music industry paints a bright picture of 
streaming as a likely solution to illegal downloading behavior (International 
Federation of the Phonographic Industry, 2012). Ooijen (2010) argues that the 
optimistic rhetoric on music piracy would lead streaming to ‘kill’ music piracy. 
However, a more recent study has found that music streamers were more likely 
to download music illegally (Borja, Dieringer, & Daw, 2015). Through an 
experiment, I have found that while usage of music-streaming service reduced 
one’s intention to download, the respondents expressed an interest to continue 
downloading (Ng, 2013). It was found that an irrational need for digital 
possession fueled the drive to continue downloading. In addition, it was found 
that the Theory of Planned Behavior (TPB) that explains rational behavior 
could not adequately explained the changes in behavioral intention. It is 
perplexing why people still download illegally when there are legal and free 
music-streaming services.  
In this paper, I look at the irrationality of this behavior and postulate that 
habit may have played a role in the persistence of the music piracy 
phenomenon. After all, habit has been postulated in various piracy studies as an 
antecedent of downloading behavior (see Table 1). However, the topic of 
habitual influence on illegal downloading of music has not been explored in 
details except for LaRose’s earlier works which were examined in the pre-
streaming era (LaRose & Kim, 2007; LaRose, Lai, Lange, Love, & Wu, 2006). 
Also, studies on habit influence were commonly plagued with inappropriate 
definitions and measurements (Gardner, 2014; Gardner, Abraham, Lally, & de 
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Bruijn, 2012). Existing literature has occasionally used inappropriate and 
somewhat shallow interpretation of the habit construct and measure. Hence, this 
paper examines the topic of music piracy in the age of music streaming from the 
habitual perspective to shed light on the persistence of the illegal downloading 
problem.  
The approach used in this paper deviated from the rational choice theory, 
which has steered most of the studies on piracy behavior. In the rational choice 
theory approach, the mechanisms of piracy behaviors were studied with theories 
that incorporated the intention construct to explain consciously indented 
behavior, such as Theory of Planned Behavior (TPB; Ajzen, 1991) and Uses 
and Gratifications Model (UG; Katz, 1960) (e.g. Kinnally, Lacayo, McClung, & 
Sapolsky, 2008; C. Wang, Chen, Yang, & Farn, 2009; X. Wang & McClung, 
2011). While these are popular behavioral theories, there is an inherent 
limitation in them to estimate the effect of intention on behavior: they are better 
suited for explaining behavior under volitional control (Sutton, 1998). For 
instance, the attitude variable behaves in a spontaneous manner when 
deliberation on behavior is lacking (Conner & Armitage, 1998). Hence, 
although a few studies has incorporated habit into TPB framework (e.g. 
Akbulut, 2014; Nandedkar & Midha, 2012), it is inherently not a suitable model 
for examining automaticity in habitual media behavior. 
With that, this paper employs a new socio-cognitive model, Theory of 
Media Habit (LaRose, 2010) that take into account of the dual processing 
paradigm. In other words, this study examines illegal downloading of music as 
a function of both habitual and conscious decision-making by examining the 
parallel influences of conscious intention and automatic responses (i.e. habit) on 
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behavior. Such dual-processing theories categorize mental processes into two 
realms –automatic or controlled (Gawronski & Creighton, 2013). Kahneman's 
(2003) work on System 1 and System 2 processes reflect this dual-system of 
thinking; System 1 refers to a set of fast, associative, parallel, and automatic 
process of decision-making, while System 2 describes a slow, effortful, serial, 
and controlled process. The two processes work together efficiently with 
System 2 performing conscious rationalizing, supported by System 1 processing 
automatic inner drives such as habits (Evans, 2008). That saying, the two 
systems are a simplified way to contrast the two processes. It may be possible 
for one system to contain the automaticity type processes and another system to 
be a mixture of both types of processes (for further discussion: see Evans, 
2008). 
This dual process dichotomy is bolstered by the socio-cognitive 
neuroscience’s investigation of the two processes. Kahneman’s system 
discusses the when-conditions of the processes, while the neurology reflection-
reflexion model explains the what of the processes (Gawronski & Creighton, 
2013). The X-system (reflexion) links automatic processes to the brain regions 
of the amygdala, basal ganglia, and lateral temporal cortex that are traditionally 
associated with conditioning learning. The C-system (reflection) explains the 
conscious processes with the brain regions of anterior cingulate cortex, 
prefrontal cortex, and medial temporal lobe that are associated with explicit 
learning and executive control (Lieberman, 2003).  
The dual processing paradigm is not unknown to the communication field. 
In communication studies, two of the more influential dual process models are 
the elaboration-likelihood model (Petty & Cacioppo, 1986) and heuristic-
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systematic model (Chaiken, 1987) from the persuasion studies. Both models 
describe dual processes of persuasion with one that is effortful and motivated, 
and another that requires less cognitive resources. The dual-system theories 
support the notion of “bounded rationality” where humans do not always make 
the most optimal decision due to limited cognitive resources in processing 
information (John, Smith, & Stoker, 2009). 
Bounded rationality heightens the status of music piracy as a wicked 
problem – a problem impervious to solutions (Rittel & Webber, 1973). Despite 
the claim that music streaming services will curb piracy level, music piracy 
remains to be a tough problem. In order to understand the “how” of habitual 
influences in music piracy behavior, the paper relook at the outcome 
expectations of illegal downloading behavior. Outcome expectations refer to the 
learned beliefs of prospective outcomes (Larose, Mastro, & Eastin, 2001). 
Outcome expectations were studied intensively in piracy studies (e.g. Chiang & 
Assane, 2007, 2008; Jacobs, Heuvelman, Tan, & Peters, 2012; Kinnally et al., 
2008; Podoshen, 2008; X. Wang & McClung, 2011), but it deserves a re-
examination in the streaming era. Examining outcome expectations will help 
reveal insights on the maintenance of piracy behavior in the age of streaming 
and explain the bounded rationality in music piracy behavior.  
For a thorough investigation of the relationship between intention and 
habit, the study also incorporates the concept of deficient self-regulation (DSR). 
DSR points to the diminishing of conscious self-control on Internet behavior 
(LaRose, Lin, & Eastin, 2003). DSR is closely related to the self-regulation 
construct in the Social Cognitive Theory (SCT). The self-regulation construct 
explains that behavior is much regulated by self-influence process where people 
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observe, judge, and react accordingly (Bandura, 1991). The deficient of self-
regulation that implies the impairment of these sub-mechanisms on self-
observation, judgment, and self-reaction would then diminish self-control of 
media use (LaRose, 2010). LaRose (2010) illustrated circumstances where one 
could have erroneous observations of expected outcome of Internet use, have 
distorted judgments on the normalcy of usage, and/or fail to react due to the 
lack of incentives to change behavior. The absence in forethoughts and planning 
undermines self-control. DSR fits into the model as a process of diminishing 
self-control that allows intention to fade and mental script of habit to take over 
and determine behavior. Hence, the social cognitive perspective that take into 
consideration of the dynamic interplay among person, environment, and 
behavior (Bandura, 1991) is most relevant to seeking answers on why illegal 
downloading behavior persists despite new consumption alternative and how 
habit plays a role in determining piracy behavior.  
In sum, the communication discipline has largely assumed rational and 
conscious selections in media consumption behaviors. Dominant theoretical 
approaches that assume active media attendance include UG (Krcmar & 
Strizhakova, 2009) and TPB (Ajzen, 1991). In piracy studies, illegal 
downloading behavior was attributed to consciously decided factors that 
included cost, convenience, ethical concerns (Podoshen, 2008), and others like 
idolization, perceived social consensus and perceived prosecution risk (Chiou, 
Huang, & Lee, 2005). Hence, on a broader scope, this study can contribute to 
the field by shedding light on the automaticity in media behavior – a behavior 
that is traditionally discussed with rational choice theories. LaRose (2015) did 
an extensive review of the literature on media habit and asserted the relevance 
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of media habits in furthering the communication field. Using cognitive 
efficiency as a compelling reason for why habits form in a plethora of media 
content, platforms, and devices, LaRose pointed out the need for a model for 
interactive media habits and has proposed one. This paper aims to validate the 
socio-cognitive habit-behavioral model (LaRose, 2010). To the best of my 
knowledge, no existing work has empirically validated this model. It remains an 
explanatory model built by previous works conducted by LaRose and his 
colleagues. 
Moreover, while various studies have validated the predictive power of 
TPB for explaining behavioral intention in music piracy (D’Astous, Colbert, & 
Montpetit, 2005; Giletti, 2012; Kwong & Lee, 2002; Wang & McClung, 2011; 
Wang et al., 2009), few studies have collected behavior data (see Table 1 for 
examples). Using a two-stage survey design, this study collects self-report data 
on predictors in the first phase and on behavioral statistics in the second phase. 
This study is conducted with music pirates between the ages of 21 to 36 years 
old. This age group is chosen as they are heavy music consumers who stream 
and pirate music extensively as compared to older or younger music consumers 
(Aguiar & Martens, 2016). 
Illegal downloading behavior persists despite the availability of legal and 
on-par streaming avenues. This abnormality provides an investigation ground to 
examine music piracy as a habitual response. Moreover, through the changing 
mediascape brought by streaming technologies, this paper highlights the need 
for more works to be conducted for media piracy studies. Perhaps dulled by the 
wickedness of the piracy problem, there were few studies conducted on digital 
piracy performed in the streaming age in contrast to the extensive studies on its 
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antecedents. It is timely to review the changes of the antecedents of illegal 
downloading, including habitual influence, in the context of the music-
streaming era.  
The remainder of this paper is structured into five chapters: 1) Literature 
review, 2) Methodology, 3) Results and Analysis, 4) Discussion, and 5) 
Conclusion. The following chapter on literature review discusses the 
contemporary piracy problem, introduces the habit construct, assesses the 
various theoretical perspectives, argues for the adoption of a coherent definition 
on media habit, and introduces the empirical model with its hypotheses.  
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Literature Review 
Music Piracy as a Wicked Problem 
Music piracy is increasingly seen as a wicked problem. A term first coined 
by Rittel and Webber (1973), a wicked problem is akin to a “malignant, vicious, 
tricky, or aggressive” problem that is impervious to solutions. Music piracy, 
like a typical wicked problem, has the characteristics of being hard to define, 
socially complex with many interdependencies, requiring changing behavior, 
and yet having no clear solutions with existing ones accompanied with chronic 
policy failure (Australian Public Service Commission, 2007).  
As a structural problem, music piracy is complex with its many 
overlapping factors and stakeholders. For many consumers, digital music piracy 
is only a problem when perceived from the music industry’s profit margin 
narrative. Trade associations and industry players, however, are quick to point 
out the detrimental effects of Intellectual Property (IP) theft on the economic, 
social and cultural progression. At the same time, they vouch for the central 
justification of IP rights as incentivizing and encouraging innovations and 
creativity, which in turn fuel society progression. Meanwhile, some academic 
scholars challenge the framework of IP rights by pointing out the huge social 
costs in imposing artificial scarcity on intangible goods. It facilitates intellectual 
monopoly by keeping information and resources out of people who cannot pay 
for it (Boldrin & Levine, 2004, 2008). They argue that IP rights impede instead 
of promote progression. In the domain of music, copyright was seen as a threat 
to creativity and especially so to the remix culture where music flourishes even 
without IP protection (Vaidhyanathan, 2001). Piracy promotes the sampling 
effect where music revenue increases even though people pirate music 
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(Liebowitz, 2006). In this simplified discussion of the arguments revolving 
around music piracy and copyrights, one can see the complexity of defining the 
piracy problem along with its interdependence on different stakeholders. IP 
theft is a problem. The concept of IP rights, which can be at odd with 
technology innovations, may also be a problem.  
As a behavioral problem, music piracy is about as hard to define and 
challenging to solve in terms of changing behaviors. This section examines the 
various perspective of the behavior and the attempted solutions through 
Lawrence Lessig's (2006) four modalities of constraints which describe the 
regulators of the cyberspace - law, architecture (technology), market, and social 
norms. At its core, music piracy is an illegal behavior describing the 
unauthorized copying of digital audio files without consent from the copyright 
holder (Gopal, Sanders, Bhattacharjee, Agrawal, & Wagner, 2004). While the 
definition includes large-scale illegal production and distribution of physical 
copies of CDs, this study focuses on the act of downloading from the Internet 
for individual consumption.  
First, regulating piracy through litigations has had little effect on changing 
prevalent piracy behavior. More often, the lawsuits reduced piracy to a small 
extent (Williams, Nicholas, & Rowlands, 2010). The risk of getting caught does 
not necessarily reduce the propensity to pirate music among students (Lysonski 
& Durvasula, 2008; Sinha & Mandel, 2008). From a communication 
perspective, music piracy is a behavior to achieve gratification (Kinnally et al., 
2008). The ineffectiveness of lawsuits is relatable to the digital music 
consumers who ignore the risk of getting caught to receive instant gratification 
from media content. Besides having limited effects on curbing piracy; the 
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lawsuits were perceived as unpopular policy engaged by the ‘Dracula’ music 
industry on the victimized music consumers.  
Second, the perceived norms in digital piracy attributed to the 
unpopularity of lawsuits and the unsuccessful attempts in building a narrative 
against it. Piracy was touted as a deviant behavior (Bonner & O’Higgins, 2010) 
that has been neutralized and accepted  as a norm (Riekkinen & Frank, 2014). 
The widespread acceptance and pervasiveness of the illegal downloading 
behavior is alarming as it implies a trend of declining ethic where young adults 
are more likely to engage in music piracy than older people (Coyle, Gould, 
Gupta, & Gupta, 2009). There is little social stigma on digital piracy due to the 
lack of perceived social cost (Balestrino, 2008). Although most individuals 
would perceive stealing a physical CD as a crime, they are unlikely to attach the 
same meaning to illegal downloading. The lack of social stigma and social 
condemnation render little collective value on anti-piracy narratives (Balestrino, 
2008). Indeed, an experiment has shown that using ethical issues as anti-piracy 
argument had little impact (D’Astous, Colbert, & Montpetit, 2005). This 
suggests that education efforts1 by the music industry on intellectual property 
rights may be futile.  
Third, using technology to prevent unauthorized copying of digital audio 
files was ineffective. The use of the digital rights management (DRM) systems 
in music tracks function like a digital lock, in which it regulates where and how 
to play the music (Hinduja & Higgins, 2011). As one can imagine, DRM is 
hugely unpopular as it restricts consumer’s actions on an item that they 
perceived as owned. The inconvenience of DRM discouraged legitimate buyers 
                                                
1 http://www.pro-music.org/ 
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while determined pirates circumvent these locks easily (Sudler, 2013). Piracy 
becomes more rampant as DRM makes it more difficult to satisfy consumer’s 
instant gratifications for music content. 
Fourth, unlike the previous three regulators, there were considerable 
effects in using the market approach of supply and demand to change music 
piracy behavior. Behavioral economics discuss piracy as a rationale behavior 
performed after a deliberation of the consumer equity (i.e. value of purchase) 
(Coyle, Gould, Gupta, & Gupta, 2009). Instead of restricting access to music 
with technology, market alternatives have emerged to appeal to illegal 
downloaders with per-track pricing, higher music quality, convenient access, 
and easier organization of playlists (e.g. Apple iTunes). Studies have shown that 
cost is a significant determinant of music pirating behavior (Chiang & Assane, 
2008; Podoshen, 2008). Using the same rational choice assumptions, music 
streaming was thought to be able to combat piracy through the freemium model 
where music is either free with advertisements or paid for with a subscription 
fee for premium services (Thomes, 2013).  
Figure 1. Types of music consumers (Aguiar & Martens, 2016). 
 
 
I l legal 
Downloaders 
Streamers Buyers 
  12 
However, recent findings hint that streaming and legal purchase are not a 
substitution for illegal downloading. A comprehensive study that monitored 
click streams from 25,000 Internet consumers has found that the three modes of 
music consumptions were independent sets with only some intersections with 
one another (Aguiar & Martens, 2016) (see Figure 1). Music streamers 
download music illegally and purchase music twice more than non-streamers. 
This is in line with another separate study where music streamers self-reported 
that they were more likely to download music illegally (Borja et al., 2015). In 
addition, the click-stream study has found that music pirates purchased as much 
music as non-pirates and streamed more music than the latter. The consumption 
pattern that emerged from this study concluded that music lovers consumed 
more music regardless of the consumption mode. While this is good news for 
the music industry, it does not resolve the persistency of illegal downloading 
behavior or dismiss the illegal nature of the behavior. 
Music piracy has been examined in various fields of disciplines as a 
gratifying behavior, as a deviant behavior, and as a rational behavior. It is a 
wicked problem that requires changing behavior yet solutions to change 
behavior with legal enforcement, technology restrictions, and normative 
influence are not effective. Market incentives are useful to a certain extent in 
changing music consumption behavior. However, there are limitations, as it 
appears that music streaming is a complement to downloading than a 
substitution. The persistence of this behavior fortifies the discussion of music 
piracy from a new paradigm - as a learned sticky behavior that has an 
automaticity component explainable by dual processes in social psychology.  
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In a closely related study, habit and not behavioral intentions was found to 
be associated with software piracy behavior (Limayem, Khalifa, & Chin, 2004). 
The study used Triandis’ Theory of Interpersonal Behavior (Triandis, 1977) to 
take a middle approach in how behavior is neither fully automatic nor fully 
deliberate. More importantly, the theory allows both habit and intentions as 
immediate antecedents of behavior. This is a deviation from the theories that 
have excluded autonomous factors. However, other studies who have found 
habit as a significant factor of piracy behavior (Akbulut, 2014; Nandedkar & 
Midha, 2012) generally embedded habit as a mediating factor to behavioral 
intention instead of considering it as a parallel influence and did not measure 
actual behavior (see Table 1). Furthermore, various studies have interpreted 
habit with different meanings and measures. We will now discuss the variations 
of the habit construct, measure, and perspective.  
Habit: Conceptual Definition 
In this paper, habit is conceptualized as a process that results in a behavior 
that sticks after routinely performing it and receiving rewards, and in which 
there is no need to divert extensive cognitive attention for subsequent 
performance. More concisely, habit is a process by which a stimulus prompt an 
impulse to respond due to learned stimulus-response association (Gardner, 
2014). It is a form of automaticity that develops with repetitive behavior in 
stable context (LaRose, 2015). Once piracy habit is well ingrained in procedural 
memory through repeated and successful performance in response to a stimulus, 
it will be automatically triggered independently of the reward that was once 
used to reinforce stimulus and response. In sum, the three antecedents of habit 
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can be generalized as the frequency of prior behavior, the stable context as the 
cue, and the anticipated rewards (Limayem, Hirt, & Cheung, 2007).  
Habits are represented as cognitive scripts in which mental representations 
of habits are highly accessible to memory (i.e. automatic associations). And by 
seeing it as a form of cognitive script resolves the inconsistency of defining 
habit as a type of behavior, a tendency, or a type of automaticity. Instead, the 
mental script representation portrays habit as a process of prompting impulse 
through cues (Gardner, 2014). Clarifying the definition of habit is important for 
construct validity and more importantly, permits the distinction between habit 
initiation and habit execution so to delineate piracy habit. Given that habit is a 
process of impulsive response, it allows the possibilities of conscious intentions 
overriding habitual tendencies. It also allows habit to incorporate concepts of 
cue-dependence, automaticity, and conditioned stimulus-response associations.  
The notion of habit encapsulates four independent characteristics of 
automaticity –being unaware, unintentional, uncontrollable, and efficient 
(Bargh, 1994; B Verplanken & Orbell, 2003). In other words, a habitual 
behavior does not need to have all four characteristics of unconscious, 
unintentional, uncontrollable, and efficiency. It is ambiguous which 
characteristics would apply for music piracy habit albeit the characteristics 
apply to both habitual initiation and habitual execution. 
Habit initiation and habit execution.  Distinguishing habit initiation and 
habit execution in the habit process is essential for understanding and 
measuring piracy habit (Gardner, 2014). Habit as a process includes both 
cognitive routine and behavioral sequence. They can be separately termed as 
habit initiation and habit execution. Habit initiation refers to the automatic 
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activation of the habitual impulse to perform a behavior, while habit execution 
refers to the action or sequence of actions that may or may not be consciously 
instigated throughout the behavior.  
For instance, in the media consumption context, opening Facebook mobile 
app can be a form of habit initiation, but the actual actions such as liking or 
sharing posts as habit performance may require more cognitive attention due to 
self-presentation management.  Extensive literature (see Naab & Schnauber, 
2014) has established that unawareness and unconsciousness and to some 
extent, uncontrollability, accompanies the performance of habitual choice.  
On the other hand, habitual execution is not necessarily entirely 
automatically executed. As one can imagine, a sequence of habit performance 
for music piracy is not as straightforward. While performing a right-click to 
“save targeted file” is easy, music pirating consists of steps beyond one click. 
One has to first source for the right file (e.g. with the help of Search Engine), go 
through a medium (e.g. BitTorrent client/ YouTube-mp3 converter), and then 
select and save it to a target destination on the local drive. The downloading 
process is complex involving multiple steps of evaluation, increasing the 
possibility that some of these steps are not necessarily automatic.  
Here, the habitual aspect of the pirating behavior in question is more 
likely to be habitual initiation, where individuals automatically choose to 
download music illegally. As exemplified in Verplanken and Melkevik's (2008) 
study on exercising habits, it is important to have a clear concept what habit is 
and is not. Gardner (2014) asserts that having a clear distinction of the habit 
concept is important for complex multistep behavior than simple behavior 
(which was illustrated by the act of drinking water). Hence, this study will 
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narrow the scope to the habitual initiation where the concept of the piracy habit 
is on the opting process of illegal downloading. The next section focuses the 
discussion on the habitual initiation of music piracy habit.  
Habitual initiation of music piracy.  Researchers have commonly 
searched for habitual influence with food (Bas Verplanken, 2006) or travel 
mode choices (Bas Verplanken, Aarts, & Van Knippenberg, 1997). The concept 
of illegal downloading as a habitual behavior is not as intuitive as the influence 
of habit on food consumption or travel mode. At first glance, the behavior is at 
odds with the habit association. Wood, Quinn, and Kashy's (2002) study on 
everyday behavior identified habit based on the presumption that repeated 
behaviors performed in stable contexts with minimal amount of cognitive 
thoughts formed habitual behaviors. Habits can then be triggered by context 
cues and behavioral goals (Neal, Wood, Labrecque, & Lally, 2012). However, 
the habit of pirating music is not a straightforward ritualized behavior, unlike 
the habit of playing a Facebook game (Wohn, 2012) or the habit of using 
certain media device (Naab & Schnauber, 2014), and that makes it uncertain of 
its habitual nature.  
First, unlike the routinize usage of mobile phone or surfing of Facebook, 
downloading music can be an infrequent behavior. A study that analyzed the 
monitored click streams of music consumption has found that music pirates 
actively searched for music for an average of six months in a year (bimonthly 
event), and clicked on illegal music downloading sites 11 times per month 
(Aguiar & Martens, 2016). While the frequency of the behavior is not as low as 
an annual event such as blood donation, it is a low frequency behavior in the 
digital realm where other interactive media behaviors are more pervasive and 
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practiced daily. Nonetheless, low frequency behaviors can be habitual as 
demonstrated by a study on the habitual usage of an online portal for school 
administrative activities (Lankton, Wilson, & Mao, 2010). 
Second, the ubiquitous triggers of illegal downloading behavior 
destabilized the stimuli much needed for triggering the eventual behavior. The 
seemingly unstable context complicates the advancement of the concept of 
habitual piracy. For instance, the activity of pirating music may not have 
consistent steps. Sometimes, the website or website tool (e.g. YouTube-mp3 
converter) that one frequently use to acquire unlicensed music files may be 
taken down. On other occasions, a virus-free torrent for a particular music file 
may be frustratingly difficult to obtain and will require trial and errors. The 
complexity of identifying the right trigger for each individual is heightened as 
the triggers for downloading behavior could be both cues (e.g. listening to the 
billboard top 100 on radio) and goals (e.g. reenergizing the music playlist on the 
mobile phone with new songs) depending on the individual’s consumption style 
and habit strength (Neal et al., 2012).  
Larose (2015) summarized the ubiquitous qualities of these triggers in his 
discussion on the characteristics of interactive media habits: Accessibility 
(anytime), availability (anywhere), anonymity (anyway), comprehensive 
applications (anything), and cross-platform applications (anyhow). Music 
piracy habit can be triggered anywhere, anytime, through a wide range of 
applications and with anonymous quality further facilitating the performance of 
the behavior. It may be triggered across applications (e.g. watching an 
embedded YouTube MTV video on Facebook mobile app) but performed on 
another platform (e.g. using a laptop to search and download music files).  
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Nonetheless, the ubiquitous triggers are adequate for activating media 
habits that are less context dependent (LaRose, 2010, 2015). As compared to 
the stage of habit acquisition where a stable context (e.g. downloading songs 
from the same website) is necessary to acquire habit, the stage of habit 
activation is less dependent on stable context for media use behaviors. The 
differences between both stages will be elaborated later. Also, LaRose points 
out that the “hyperlinked connections” of the seemingly unrelated stimuli can 
trigger the mental script for performing media habits (LaRose, 2015, p. 371). In 
other words, even though it may be hard to point out a specific stable context of 
music piracy behavior, the ubiquitous-ness of the triggers is adequate for 
activating media habits.  
In sum, music piracy – as an infrequent behavior with seemingly unstable 
context – is hardly a habit by conventional terms. This is not a unique problem 
that applies only to the music piracy behavior. In fact, it can be applied to all 
kinds of interactive media habits (LaRose, 2015). How do we move forward 
from here then? Here, I have argued that piracy habit should be viewed as a 
form of habitual initiation than habitual execution owed to the latter being 
subjected to variations and unfixed order of events in pirating music. Habitual 
initiation and habitual execution are differentiated to resolve the complexity of 
defining and interpreting habitual behavior (Gardner, 2014). Naab and 
Schnauber (2014) describe habitual initiation as the launch of the mental script 
for the particular behavior and habitual execution as the behavior cached in the 
script. Therefore, the habitual initiation of music piracy refers to the automatic 
activation of the mental script that leads to an impulse to download music 
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illegally. For clarity, habitual initiation will be simply referred to as habit from 
here onwards.  
Deficient Self-Regulation   
This section serves to delineate deficient self-regulation (DSR) as it can be 
easily confused with the habit construct. This study uses LaRose (2010) original 
model of media habit that incorporates both DSR and habit. The incorporation 
of DSR will shed light on the interplay of the automaticity components in 
predicting habits. It will help formulate and reinforce media habit as a concept. 
In SCT, self-regulation describes the mechanisms of self-observation, 
judgment, and self-reaction in achieving the end goal. Self-observation refers to 
the monitoring of own behavior, judgment compares what one has observed 
with relevant standards, and self-reaction prompts one to modify behaviors to 
be consistent with standards (Bandura, 1991). DSR, as briefly discussed in the 
introduction section, is a state of diminishing self-control (LaRose & Eastin, 
2004). It implies an impaired self-control state that allows automatic processes 
to take over and thereafter governs behavior. 
DSR is similar to the habit construct in which both possess all four 
characteristics of automaticity. The differentiation of these two constructs can 
be problematic as shown by a study on smartphone habit (Verbrugge, Stevens, 
& De Marez, 2013). LaRose (2009) posited that habit is associated with self-
observation, self-judgment, and uncontrollability while DSR is related to self-
reaction. However, this distinction is made obscure when LaRose (2010) 
corrected his stand from the two as different concepts and pointed out that they 
“are essentially the same for repeated media consumption behavior”. The 
difference is that, unlike habit, DSR can be applied to impulsive yet novel 
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actions (e.g. bungee jump). In the same paper, LaRose (2010) examined the 
antecedents of habits and its consequences from the socio-cognitive perspective 
and asserted that DSR can contribute to the habit exposition. In this case, DSR 
is both a product and predictor of habit.  
In another paper, he parked the two sub-mechanisms of self-observation 
and self-reaction under the ‘umbrella concept’ of habit and instead, discarded 
the term DSR (LaRose, Kim, & Peng, 2010, p. 62). Here, I untangled the 
complex relationship between DSR and habit through elaborating the concepts 
of deficient self-observation and deficient self-reaction. First, the deficiency of 
self-observation is relevant to habit formation in which one repeatedly perform 
a behavior and subsequently it becomes more efficient to be a cognitive miser 
and pay less attention to the consequences of the behavior. This reduces the 
intentionality of the behavior as choices become automatic. In essence, deficient 
self-observation comprises of the lack of awareness, attention and intentionality 
(LaRose, 2011). Second, the deficiency of self-reaction is pertinent to habit 
maintenance as the ability for self-control is diminished when one fail to correct 
for behavior through administrating incentives for changes. So, deficient self-
reaction is associated with lack of controllability (LaRose, 2011). Thereafter, 
deficient self-reaction further reduces the attention given to the behavior and 
reinforces deficient self-observation. 
Despite the considerable overlap in the concepts of habit and DSR, both 
are statistically distinguished (LaRose & Eastin, 2004; Verbrugge et al., 2013). 
It is important to make sense of the modest yet important theoretical differences 
between both habit and DSR constructs. As mentioned in the previous section, 
habit is a process of impulsive response represented as cognitive scripts that are 
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highly accessible to memory, thus making it automatic in the process. DSR is a 
higher-order construct to explain a state of diminishing self-control. This state 
of DSR reflects compulsive behavior and obsessive cognitive thoughts (Caplan, 
2010). Caplan (2010) further operationalized DSR with the subscales of 
compulsive use and cognitive preoccupation.  
Habit is found to be a product of deficient self-regulation to predict 
intention to discontinue illegal downloading of music (LaRose & Kim, 2007; 
LaRose et al., 2006). However, the direct effect of DSR on behavior was not 
tested. Given that habit and DSR are found to be empirically distinct, both 
factors should be tested separately and not be group under a universal construct. 
In order to do so, this study will heed the advice of using a more stable 
measurement of habit to differentiate between the two constructs (LaRose, 
2010; Verbrugge et al., 2013).  
The Problem with Habit Measures  
Unlike most studies that found habit to be a significant antecedent in the 
models, Clement et al. (2012) found illegal downloading as more of a planned 
activity than a habitual behavior. However, their measurement of habit through 
past frequency revealed the inconsistencies in the definitions and measures of 
habit in digital piracy studies. Some papers have used past frequency of pirating 
music to assess habit strength while others have used DSR (see Table 1). The 
measurement problem extends even to studies that have used habit scales that 
represent automaticity, but included items on behavioral frequency and 
addiction which are inherently not suitable for the operational definition of 
habit (e.g. Akbulut, 2014; Limayem et al., 2004; Nandedkar & Midha, 2012; 
Yoon, 2011). Hence, the role of habit was at best hinted through these studies 
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and cannot be asserted due to inappropriate measurements. The varying 
measures pose a hindrance to the convergence of works in building a sound 
theory that incorporates both conscious intentions and automatic habitual 
component as mechanisms of downloading behavior. 
Frequency of past behavior as habit measure.  Other than the DSR 
construct, the measurement of habit was frequently confounded by past 
behavior. Automaticity arises from the conditioning of repeated actions in 
which subsequent performance of behavior can be actualized with minimal 
thought (LaRose, 2015). Through this underlying assumption, an influential 
study has claimed that as much as 43% of daily behaviors are habitual (Wood et 
al., 2002). This proportion was obtained through a diary study design in which 
habitual behavior was operationally defined as daily behavior performed in a 
stable context (i.e. same location) and non-habitual behavior as weekly/monthly 
behavior in rarely/sometimes similar location. In this instance, habit strength is 
a product of frequency and stable context (i.e. similar location) resulting in a 
continuous scale from 0-9 with higher scores representing strong habit 
performed frequently in stable context, and lower scores signifying weak or 
non-existent habit performed infrequently in varying circumstances (Wood, 
Witt, & Tam, 2005, p. 922).  
This operational definition of habit is problematic. It is a circular 
reasoning fallacy to have the proof of habit based on the definition that already 
includes the proving qualities. In other words, we know that behavior X is a 
habit because it is a stable and frequently performed behavior. We also know 
that a stable and frequently performed behavior is habitual because the 
definition of habit says so. This is circular reasoning as the argument presumes 
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what it is attempting to prove. While logical, a circular statement is inadequate 
as a proof because this statement is only judged as valid by those who already 
accept its conclusion. Gardner (2014) further discussed this problematic issue 
by arguing that it is incompatible to determine habit (as a form of behavior) to 
be an antecedent of the resultant behavior.  
In addition, defining the consequential construct with its antecedents is 
truistic. As elaborated in the previous section, the three antecedents of the habit 
concept are the frequency of prior behavior, the stable context as the cue, and 
the anticipated rewards as motivation (Limayem et al., 2007). It was found that 
past behavior could be the primary predictor of future behavior after habits were 
formed (Ouellette & Wood, 1998; Wood et al., 2002). However, repetition is 
required for habit formation but repetition is not habit itself. Frequently 
performed behavior can be conscious actions while infrequent behaviors can be 
automatic (Bayer & Campbell, 2012). Verplanken (2006) found that past 
frequency and habit were independent predictors for snacking behavior and the 
former can be fully mediated by the latter in predicting behavior. Through 
repeated demonstrations that habit is not the same as past frequency, this paper 
called for habit to be seen as a mental construct of automaticity and not 
repetitive behavior. Furthermore, the use of frequency measure does not 
adequately cover the conceptual definition of habit (Limayem et al., 2007).  
Unfortunately, past behavior has been used as a proxy for habit strength in 
piracy literature (Cronan & Al-Rafee, 2007; Lysonski & Durvasula, 
2008).While the authors attuned past frequency to habitual influence in digital 
piracy behavior, they have neglected context stability in their measurement. The 
reason for measuring past frequency without context stability was not indicated 
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in the papers. But one can reckon that measuring stable context will not be 
straightforward. It is unlikely for the repetition of media performance (e.g. 
using a smartphone app) to be in a consistent physical location. The cues for 
media habit can be ubiquitous and vary across settings, timing, and devices 
(LaRose, 2015).  
Habit is not the same as addiction or problematic Internet use.  It is 
imperative to distinguish media habit from media addiction as both concepts 
involve automatic mental processes with non-volitional nature (LaRose et al., 
2003) and more importantly, the lineage of habit literature is passed down from 
the addiction perspective (Tokunaga, 2015). Addiction has the three primary 
components of compulsion, loss of control, and pathological behavior despite 
adverse consequences. It is a habit pattern that has the elements of compulsion 
and dyscontrol – the loss of control despite efforts to regulate the behavior 
(Marlatt, Baer, Donovan, & Kivlahan, 1988). The perspective of disorder, much 
analogous to pathological gambling, draws the symptoms of addiction such as 
substance dependence (Kubey, 1996). Specifically, Internet addiction is an 
impulse control disorder that is associated with pathological dependence 
without the involvement of chemical intoxicant (Whang, Lee, & Chang, 2003). 
The mental disorder and adverse consequences in addiction set it apart from 
habitual or other impulsive tendencies (Shaffer, Hall, & Bilt, 2000). LaRose et 
al. (2003) explains that media addiction would be on the extreme end of the 
continuum of unregulated behavior due to pathological use while normal 
impulsive behavior such as habit falls on the other side. In sum, habitual 
performance of a behavior causes addiction, but habit alone is not sufficient to 
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turn it into an addiction. While it is not impossible to be addicted to music 
pirating, it is most likely to affect a small population.   
Besides the addiction perspective, habit studies have some overlaps with 
the literature on problematic Internet use (PIU) and deficient self-regulation 
(DSR) from the cognitive-behavioral and social cognitive perspectives 
respectively (Tokunaga, 2013). PIU describes the problematic use of specific 
content found on the Internet (e.g. shopping and gaming; Whang et al., 2003), 
as well as the generic quality of the Internet media that facilitates problematic 
use (e.g. anonymity). It is a milder form of media addiction without the 
association of mental disorder, and it has the benefit of getting precise as 
compared to lumping all problematic use as Internet addiction. Specifically, 
PIU is defined as a syndrome with multiple facets of cognitive and behavior 
symptoms that cause negative consequences to social, academic, or occupation 
domains (Caplan, 2005). The cognitive-behavioral perspective attributes PIU to 
cognitions and people’s personalities. Thus, a particular feature of the PIU 
literature elucidates why some users are more susceptible to PIU and argues that 
problems will arise in alternative ways even without the medium (Caplan, 
2002). PIU cognitions and behaviors should be seen as consequences and not 
causes of psychosocial problems (e.g. depression) and social skills deficits. The 
focus on human agency has benefited habit studies by identifying internal cues 
of routine Internet use (Tokunaga, 2015). However, it is the social cognitive 
perspective that is employed in this study. The social cognitive perspective will 
be discussed together with the model in a later section.  
Appropriate measurement scale. In sum, habit cannot be adequately 
represented by the constructs of DSR or past frequency. Also, the habit scale 
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should not have elements of addiction or problematic Internet use. First, 
addiction and problematic Internet use is not the same as habit as discussed 
earlier. Second, Gardner and his colleagues have argued that the inclusion of 
past frequency in habit scale results in conceptual and methodological errors 
(Gardner, 2014; Gardner et al., 2012). Habit need not be performed frequently 
once it is formed. It can be infrequent yet habitual. For instance, Gardner used 
the example of eating popcorn as a habit. The impulse for eating popcorn can be 
activated and be equally strong in either weekly moviegoer or monthly 
moviegoer but their frequency of consuming popcorn would have differed. 
Ajzen (1991) also pointed out that past behavior might capture the influences of 
other factors on future behavior than habit.  
A commonly used habit scale – Self-Report Habit Index scale (SRHI; 
Verplanken & Orbell, 2003) is appropriate in that it represents automaticity. 
However, it included items that are not part of automaticity – such as past 
frequency and self-identity. Hence, an automaticity subscale that is 
conveniently termed as Self-Report Behavioral Automaticity Index (SRBAI; 
Gardner et al., 2012) were derived from the SRHI scale by including only four 
items that adequately encapsulates the automaticity in habit. Another habit 
measure that takes into consideration of the automatic process and excluded 
past behavior is the Internet Habits Scale (Limayem, Hirt, & Cheung, 2003) 





Summary of Habit Definition, Measure and Theoretical Approach in Digital Piracy Studies 
Study Definition and measurement of habit Theory/ model/ perspective used 





Habit is represented as DSR 
Measure: 
“I sometimes download files without thinking about why I want them”; “My 
downloading is out of control”; “I spend so much time down- loading that it is 
interfering with my life”; “Downloading is a habit I have gotten into” 
Self-regulation as seen from the Social 
Cognitive Theory.  
DSR is a direct predictor to behavioral 
intention.  
Model did not measure behavior. 
LaRose et al., (2006) 
 
Music piracy 
Habit is represented as DSR.  
Measure: 
“I sometimes download files without thinking about why I want them”; “My 
downloading is out of control”; “I spend so much time down- loading that it is 
interfering with my life”; “Downloading is a habit I have gotten into” 
Self-regulation as seen from the Social 
Cognitive Theory. 
DSR is a direct predictor to behavioral 
intention.  
Model did not measure behavior. 





Habits are situation-behavior sequences that are or have become automatic and which 
occur without self-instruction. 
Measure: 
“Pirating software is a habit for me”; “I am addicted to pirating software”; “I have to 
pirate software”; “Pirating software is automatic for me”; “I don’t even think twice 
before pirating software”; “The number of software I pirated is high” 
Habit is viewed from the Triandis’ model 
(Triandis, 1977).  
Habit and intention are direct predictor to 
behavior.  





Habits are situation-behavior sequences that are or have become automatic and which 
occur without self-instruction. 
Measure: 
“Downloading/duplicating them is automatic for me”; “I do not even think twice 
before downloading/duplicating them”; “The number of products I 
downloaded/duplicated is high”; “I have recently downloaded/duplicated them” 
Habit is incorporated into Theory of 
Planned Behavior.  
Habit as a mediating factor to behavioral 
intention.  





Habits are situation-behavior sequences that are or have become automatic and which 
occur without self-instruction. 
Measure: 
“Downloading or duplicating unauthorized music products is automatic for me”; “I do 
not even think twice before downloading or duplicating unauthorized music 
product”; “The number of unauthorized music products I downloaded or duplicated 
is high”; “I have duplicated or downloaded unauthorized music products" 
 
Habit is incorporated into Theory of 
Planned Behavior.  
Habit as a mediating factor to behavioral 
intention.  




Table 1 Continued 







Past behavior as proxy for habit 
Measure: 
Past frequency of pirating music 
Past behavior is incorporated into Theory of 
Planned Behavior.  
Past behavior as a mediating factor to 
behavioral intention, which affects future 
behavior. 




Habits are situation-behavior sequences that are or have become automatic and which 
occur without self-instruction. 
Measure: 
“Pirating digital products is a habit for me”; “I am addicted to pirating digital 
products”; “I have to pirate digital products”; “Pirating digital products is automatic 
for me” 
Habit is incorporated into Theory of 
Planned Behavior. 
Habit as a mediating factor to attitude, 
which affects behavioral intention. 





Habits are situation-behavior sequences that are or have become automatic and which 
occur without self-instruction. 
Measure: 
“Pirating digital products is a habit for me”; “I am addicted to pirating digital 
products”; “I have to pirate digital products”; “Pirating digital products is automatic 
for me” 
Habit is incorporated into Theory of 
Planned Behavior. 
Habit as a mediating factor to attitude, 
which affects behavioral intention. 
Model did not measure behavior. 
Jacobs, Heuvelman, 




Habit is represented as DSR 
Measure: 
“Sometimes I download movies without actually considering it”; “Downloading 
movies has become a habit for me”; “I download so much movies that it is 
disrupting my life”; “I get upset when circumstances like a bad connection stop me 
from downloading movies”; “I often download more or less the same amount of 
movies every week, even when I cannot find movies I really want to see”; “If from 
now on I could never download a movie again, I would be very upset” 
Self-regulation as seen from the Social 
Cognitive Theory  
DSR is a direct predictor to behavioral 
intention.  
Model measures behavior. 
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A Model of Media Habits  
This study uses a behavioral model that considers both deliberate and 
automatic processing – Theory of Media Habit (LaRose, 2010).  The model has 
its roots in SCT (Bandura, 1986). Guided by the framework of SCT, LaRose’s 
model incorporates outcome expectations as the causal mechanisms, along with 
deficient self-regulation, unconscious habit, and conscious intention as 
antecedents of media consumption behavior. Although LaRose’s model is not 
yet validated as a whole, it is developed through empirical findings conducted 
by him and his colleagues. LaRose (2010) argues for the merger of the 
neurology, social psychology, and communication perspectives of habit theory 
into a two-part model (see Figure 2a and 2b), which distinguish the process of 
habit acquisition and habit activation.  
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Figure 2b. Habit activation (LaRose, 2010). 
 
In the habit acquisition stage, habit is formed through repetitive behavior 
performed in a stable context. At this stage, behavior is affected by conscious 
intentions and self-regulation strategies to achieve desirable outcome 
expectations and to avoid undesirable ones. In the habit activation stage, these 
outcome expectations average out in the long run to sustain established habits. 
Conscious intentions will then have a lesser influence on behavior as compared 
to automatic habits due to the efficient processing of information. In addition, 
the slow learning of information in procedural memory insulates habits against 
changes even when short-term outcome expectations evolve (Wood & Neal, 
2007). Hence, this study aptly adopts the habit activation model (Figure 2b) to 
explain illegal music downloading behavior among longtime pirates.  
The conceptual model for this study will be introduced in two subchapters 
in the following sections. The first section presents the hypothesized 
relationships among the endogenous variables of intention, self-regulation, 
habit, and downloading behavior. The second section presents the hypothesized 
relationships between the endogenous variables and exogenous variables of 
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Social cognitive theory and the three endogenous predictors in the 
model.  LaRose (2009) calls for SCT, a broad behavioral theory, to be superior 
to other leading paradigms such as TPB and UG in filling up gaps for media 
habits studies. SCT is a general framework for explaining human behavior 
through the triadic relationship of the person, environment and behavior. The 
central tenet of SCT postulates that learning occurs through a social context 
with the dynamic interaction of these three elements. The reciprocal 
determinism of SCT, along with the emphasis of normative influence, suggests 
that behaviors can be affected through enactive (first-person experience) and 
observational (other’s experience) learning as we formulate evaluations about 
the expected outcomes.  
Hence, expected outcome is the perceived possibility of an outcome in 
performing a certain behavior, sometimes with consideration of past incentives 
expected and obtained (Bandura, 1977). Individuals with expectations of 
favorable outcomes from an activity will have a higher incentive to implement 
self-regulatory strategies toward adopting the behavior (Bandura, 1997).  The 
expected outcomes can also directly affect the intention of performing the given 
behavior (Ajzen, 1991). Lastly, the relationship between outcome expectations 
and habits is supported by the goal-action linkage where activation of a goal 
automatically stimulate the habitual behavior (Aarts & Dijksterhuis, 2000). 
Expected outcomes were found to be significant predictors of music piracy 
intentions (LaRose & Kim, 2007) and movie piracy behavior (Jacobs et al., 
2012). For example, expectations of social, novelty-seeking, and economic 
outcomes formed the expected outcomes of music piracy (LaRose & Kim, 
2007).  
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Another tenet in SCT, self-regulations, highlights that behavior as much 
motivated by expected outcomes is still regulated and controlled by 
forethought. Self-regulation points to the execution of influence over one’s 
emotional states, motivations, thought processes, and behavioral patterns 
(Bandura, 1994). Therefore, self-regulation could affect behavior directly or 
indirectly through behavioral intention. Purposeful intention to avoid negative 
outcomes and pursue positive ones eventually affects behaviors. As discussed in 
the previous section, the tenet of self-regulation is especially relevant in 
examining the habitual dimensions of behavior.  
LaRose (2010) hypothesizes that the lack of self-regulation (i.e. deficient 
self-regulation) diminishes one’s ability to form conscious intention and rely 
more on automatic habitual tendencies. While this is theoretically valid (e.g. 
compulsive needs and obsessive thoughts make one depend less on the 
conscious route and more on automated response), the directionality of the 
relationship (i.e. positive or negative) between DSR and intention depends on 
whether one sees the need to inhibit or permit the behavior. I postulate that 
longtime pirates will have little incentives to inhibit the behavior due to the 
normalcy of music piracy (see Balestrino, 2008). This is supported by a study 
that showed that DSR is a positive direct predictor of illegal music downloading 
intention (LaRose & Kim, 2007). DSR is also a significant direct predictor of 
habit and behavior in excessive internet usage (LaRose et al., 2003), and for 
movie pirating behavior (Jacobs et al., 2012).  
Habit is formed in the presence of DSR. However, it is not hard to see 
how DSR can be both a predictor and product of habit. The formation of habit 
further reinforces the deficiency in self-regulation mechanisms. The mutual 
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relationship between DSR and habit is supported by the findings from a diary 
study on habit inhibition where the authors have demonstrated that restricting 
habitual behavior depletes one’s self-control (Wood & Neal, 2007). 
Direct effect hypotheses.  To the best of my knowledge, the triadic 
influence of intention, DSR, and habit on actual behavior has never been 
considered in a single model for piracy domain works (see Table 1). Here, I 









Figure 3. Hypothesized model for hypotheses H1 to H5 (direct effects). 
In this model, I hypothesize that:  
H1: There will be a positive correlation between deficient self-regulation 
and habit of illegal music downloading 
H2: Deficient self-regulation will be positively associated with intention 
of illegal music downloading 
H3: a) Intention, b) deficient self-regulation, and c) habit will be 
positively associated with illegal music downloading 
H4: Habit will be a stronger predictor than behavioral intention in 
















of music  
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Intention is a poor indicator of actual software piracy behavior when habit 
is taken into consideration in the model (Limayem et al., 2004). Here, it is 
necessary to clarify that habitual behavior can be independent from one’s 
intention in that performance of habit can proceed despite having conflicting 
intentions (e.g. bad habits) (Neal & Wood, 2009). On the other hand, we should 
expect a relationship between intentions and habits because habit first occurs 
from intentional responses (Wood & Neal, 2007). In other words, habit and 
intention can independently predict behavior yet they are correlated to each 
other due to their epiphenomenon relationship. A strong downloading intention 
will cause stronger downloading habit. Hence, unlike LaRose’s original model 
that omitted the relationship between habit and intention, I hypothesized that:  
H5: There will be a positive correlation between intention and habit of 
illegal music downloading 
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Expected outcomes in music piracy.  The original models of media habits 
(LaRose, 2010) include a temporal element where it differentiates immediate 
outcomes expectation from long-term average outcome expectation. The 
concept of expected outcomes is similar to gratifications although it is not an 
exact match conceptually (LaRose & Eastin, 2004) and empirically (Babrow & 
Swanson, 1988). Unlike the gratification-sought and gratification-obtained 
distinction in UG studies, outcome expectation is a higher construct that 
includes both gratification-sought and gratification-obtained components. It 
reflects the beliefs about the prospective outcomes, which are established and 
learned based on gratification sought and obtained in the past (Larose et al., 
2001).  
Some expectations may matter more in terms of immediacy (i.e. outcomes 
that are expected to occur immediately), while others are considered less 
saliently on an average out basis after a long-term period. The differences is 
illuminated through the concept of experienced contingency (Wood & Neal, 
2009), which points to one’s cognitive understanding that a change in one’s 
response will correspond to a change in the reward received (Dickinson, 1989). 
Experienced contingency is low when habits are strong because of the lacking 
deliberation on outcomes. The inverse is true as high experienced contingency 
inhibit habit formation. Outcomes that are perceived as immediate receive more 
attention due to the reward yield. Meanwhile, the rewards of long-term outcome 
expectations are already established in memory through context-response 
associations and hence, can be less salient yet be facilitating in the performance 
of behavior (Yin & Knowlton, 2006). 
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Experienced music pirates may be equipped with both long-term average 
outcome expectations and immediate outcome expectations. For instance, it 
may be that one does not perceive monetary savings as an immediate outcome 
(e.g. “ I will save money”) but expects significant long-term savings from 
downloading illegal music. On the contrary, legality (e.g. “I won’t get caught) 
may matters as an immediate outcome and not considered as an average-out 
outcome. It may be that one has never thought about the likelihood of legal 
punishment in the long run. In an attempt to distinguish immediate outcome 
expectations from long-term outcome expectations, LaRose (2010) recommends 
for time constraints to be added when assessing outcome expectations.  
While theoretically sound, it is unclear how one can operationalize 
immediate from long-term outcome expectations in a survey design. An 
experiment design will be able to retain control of the time element by first 
introducing a new behavior and monitor subsequent perceptions of outcome 
expectations. Another approach would be to use experimental vignette design 
where a hypothetical scenario (e.g. download a music file now) is presented to 
participants. Then, participants are asked for their perceptions on long-term and 
short-term outcome expectations (e.g. the relevance of certain outcome 
expectations). However, this approach will not be as adequate as monitoring 
responses in a longitudinal study. There are inherent limitations in 
distinguishing long-term and short-term outcome expectations using survey 
design. The validity of such findings is questionable due to maturation effect.  
Due to the lack of existing works on immediate and long-term outcome 
expectations in music pirating, this study did away with the summative 
distinction between immediate and long-term average outcome expectations. 
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Instead of hypothesizing the relationships among the two categories of outcome 
expectations and the three major predictors of downloading behavior (i.e. 
intention, habit, and DSR), the higher-order reflective construct of expected 
outcomes was removed from the model and analysis was conducted on the first-
order factors basis.  
While past studies have implemented expected outcomes as a second-
order factor (E. S. Anderson, Wojcik, Winett, & Williams, 2006; LaRose & 
Kim, 2007; LaRose et al., 2003; Verbrugge et al., 2013), higher-order reflective 
constructs are meaningless and non-parsimonious as oppose to common beliefs 
(Lee & Cadogan, 2013). First, in accord with classical measurement theory, 
indicators of a reflective measure (e.g. expected outcomes) should all represent 
a single dimension and not be composed of multiple facets. Given that the first-
order constructs for expected outcomes are conceptually different, we do not 
meet the defining criteria to model multiple constructs as one higher-order 
reflective factor. Second, while the reason for aggregating indicators into 
higher-order constructs is to handle the problem of multicollinearity and to have 
a more parsimonious model (Kenny, 2016), using high-order reflective 
construct in model testing increases the possibilities of false conclusions on the 
variables’ relationships (Lee & Cadogan, 2013). Testing the expected outcomes 
as an aggregated second-order factor can have different results as compared to 
testing them as first-order factors.  
In light of these differences and that testing first-order factors in the model 
will shed greater lights on the antecedents of music piracy behavior in the 
streaming age, hypotheses will be added to the model as first-order factors. 
Immediate and long-term outcome expectations will be distinguished through a 
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formative approach first by analyzing the relationships between the first-order 
factors and the three major predictors of the model.  
First-order factors of expected outcomes.  Using SCT’s conceptual 
definitions of incentives, LaRose and Eastin (2004) derived six first-order 
factors of expected outcomes of Internet use including monetary, social, novel 
sensory, enjoyable activity, and self-reactive incentives. Specifically, the scope 
of outcomes expectations from the digital piracy literature can be narrowed 
down to three incentives categories: 1) economic and punishment (monetary 
incentives), 2) rewarding social interactions (social incentives) and, 3) variety 
of content (novel sensory incentives) (Jacobs et al., 2012; LaRose & Kim, 2007; 
LaRose et al., 2006). Here, I will examine three expected outcomes that 
represent the differences in legal streaming and illegal downloading: 1) 
Punishment outcome, 2) Convenience outcome, and 3) Completionism 
outcome. 
Direct effect hypotheses.   










Figure 4. Hypothesized model for hypotheses H6 to H12 (direct effects). 
For visual clarity, the path signs are excluded. All paths are positive except for 
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The punishment outcome is a disincentive for downloading with its legal 
penalties. Various studies have found punishment outcome as strong factors of 
piracy behavior (Chiang & Assane, 2009; X. Wang & McClung, 2011; 
Williams et al., 2010). More specifically, the punishment outcome has been 
found to be negatively associated with downloading intention and DSR (LaRose 
& Kim, 2007; LaRose et al., 2006). Hence, the hypotheses for punishment 
outcome are proposed: 
H6: Punishment will be negatively associated with a) intention and b) 
DSR 
Other than punishment outcome, I have modified the convenience of 
downloading to be added as another outcome expectation. The convenience 
outcome expectation coincides with the monetary incentive category. While 
convenience is not an entirely new concept as a motivation for downloading 
(Kinnally et al., 2008; Podoshen, 2008; Sudler, 2013; X. Wang & McClung, 
2011), the construct of obtaining convenience through piracy has to be updated 
to reflect contemporary consumption patterns. The convenience of downloading 
used to point out the availability of getting the songs right away at any point of 
time, more music choices, and the ability to obtain single track instead of the 
full album. All these aspects of convenience, however, can be obtained now 
through all legal and illegal music sources (be it on digital stores or streaming 
services).  
In this case, there is a need to update the construct of convenience to 
reflect the changes in technology. Therefore, the convenience of downloading is 
compared to the streaming technology where music can be accessed to at all 
times even without data connections. The new scale is constructed based on the 
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open-ended statements from music pirates who preferred to download than to 
stream music (Ng, 2013). The hypothesized paths are similar to the other two 
monetary incentives: 
H7: Convenience will be positively associated with a) intention and b) 
DSR 
The novel sensory incentive refers to the pleasing outcome expectation of 
obtaining novel and varying media content through illegal downloading. Jacobs 
et al. (2012) separated this novelty-seeking factor into two motivations – 
novelty compulsion and completionism. Novelty compulsion explains the drive 
to obtain and consume new media content. While novelty is found to be related 
to DSR and intention of illegal music downloading (LaRose & Kim, 2007), it 
may be irrelevant today where streaming allows consumers to be exposed to 
new music content than ever. The function of music discovery on music 
streaming services is seen as the differentiator that gives streaming an edge over 
downloading (Dredge, 2013). In that case, novelty compulsion will hardly be a 
reason to download illegally. Hence, the focus of novel sensory incentive 
should be on completionism than novelty compulsion.  
Completionism refers to the desire to amass a large quality of content. It is 
similar to the concept of ownership of music files (Wikstrom, 2012), where 
there is a sense of attachment to the possession of digital files. Unlike the 
conception that completionism is only relevant to movie piracy (Jacobs et al., 
2012), I see it as pertinent to today’s pattern of music downloading in which 
consumers desire to own the files than to access (i.e. stream) the files (British 
Recorded Music Industry, 2013; Collopy & Bahanovich, 2012). The appeals of 
owning music lie in the pleasure of “owning” and the flexibility of sharing 
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music without constraints (Bahanovich & Collopy, 2009; Collopy & 
Bahanovich, 2012). I have found that the desire to collect digital files was a 
significant factor for predicting behavioral intention to pirate music (Ng, 2013). 
In addition, this sense of desire to possess files is closely related to the concept 
of hoarding where one habitually accumulate objects with the inability to 
dispose of unless consciously motivated to do so (Cherrier & Ponnor, 2010). 
Given the close linkages to habit and DSR, and the past findings of 
completionism on intention, I hypothesize that:    
H8: Completionism will be positively associated with a) intention, b) 
habit, and c) deficient self-regulation of illegal music downloading 
Hypothesized model.  In sum, the hypothesized full model is 







Figure 5. Hypothesized full model. Except for the negative relationships 
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Indirect effect hypotheses.  The analysis of mediated effects is integral in 
theory testing and development (Baron & Kenny, 1986; Holbert & Stephenson, 
2003; MacKinnon, 2011), particularly when researchers wish to fully 
understand the causal process. The importance of indirect effects in media 
studies is evident through the investigations of conditional effects, such as the 
two-step flow of communication (i.e. media flow through opinion leaders to 
influence the general public) and uses and gratification (i.e. several factors 
affect media usage in order to obtain certain media effects) (Holbert & 
Stephenson, 2003). Therefore, other than testing the direct effects, there is a 
need to examine the indirect effect in the model for the endogenous predictors: 
H9: There is an indirect relationship between deficient self-regulation and 
illegal music downloading that is mediated by intention 
The hypotheses on mediators between the first-order factors and 
downloading behavior are: 
H10: There is an indirect relationship between punishment and illegal 
music downloading that is mediated by a) intention and b) DSR 
H11: There is an indirect relationship between convenience and illegal 
music downloading that is mediated by a) intention and b) DSR 
H12: There is an indirect relationship between completionism and illegal 
music downloading that is mediated by a) intention, b) DSR, and c) habit 
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Methodology 
Pilot Test  
A pilot test was conducted with the goal of refining the survey instrument. 
Twenty-six undergraduate students who were taking the introductory module to 
quantitative research from the Department of Communications and New Media 
completed the online survey and provided feedback on the survey design. The 
students received module credit for their participation in this study. Their 
feedback highlighted several points for improvement. First, the constant 
repetition of the phrases ‘unauthorized downloading’ in the scale items 
unnecessarily primed subjects about the illegal nature of the activity and 
inhibited honest response. Second, the small font size of the survey instrument 
made reading harder. Third, some questions – especially the ones with negative 
particle or uncommon words– were not easy to comprehend (e.g. ‘That would 
require effort not to do it’, ‘I can stay abreast of current music trends’).  
The survey was refined based on the feedbacks. The aesthetic of the 
survey was improved for easier reading and changes were made to the choice of 
wordings. The term ‘unauthorized downloading’ was placed only at the 
question title and removed from individual scale item when possible. This is so 
to avoid unnecessary repetition. Generally, most subjects ranked the term 
“unauthorized downloading of music” as the least offensive, followed by 
“copying music”, “pirating music”, and “illegal downloading of music”. This 
confirmed the decision to use the term “unauthorized downloading” in the 
finalized survey instrument.  
In order to make sure that subjects understand the meaning of 
unauthorized downloading, they were asked to “read carefully” at the definition 
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in the early part of the survey. A manipulation question asked for the meaning 
of ‘unauthorized downloading’ on the following page. This served both as an 
instructional manipulation check to check for attention and as a probe for the 
subject’s attention on the meaning through reflection (Hauser & Schwarz, 
2015). Participants were explicitly reminded of the confidentiality of their 
participation at the start of the survey. In addition, two validity questions were 
added at the end of the survey on how honest did they response to the questions, 
and whether they believe they will get into trouble for participating in this study 
(Taylor, 2012).  
Anonymity Issues 
Due to the illegal nature of music piracy behavior, this study had to go 
through a full review with the University’s Institutional Review Board (IRB). 
The IRB expressed concerns over the anonymity measure and the researcher’s 
legal role. The university’s legal office was consulted. While it was concluded 
that the researcher does not have an active duty to report copyright infringement 
actions to the authorities, measures were taken to ensure that the collected data 
could not be linked to respondents.  
The first protection layer came from Amazon MTurk service where it 
allows researcher to ping subjects to take the follow-up survey without the need 
to collect their contact details (e.g. email address). This study used TurkPrime 
(Litman, Robinson, & Abberbock, 2016) as a MTurk platform to facilitate 
longitudinal study and the mass emailing of subjects without the need to learn 
MTurk’s API. The second approach was to de-individualize the data by 
separating Worker ID from survey responses. While the participants’ real 
identities could be obtained through their Worker ID (which was exposed to the 
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researcher when they redeem their incentive payment), their responses were not 
linked to their survey responses. This ensures that data are aggregated and could 
not be associated with any one individual. In order to link the first survey 
response with the follow-up survey, a unique 8-digit study code was assigned to 
each participant by combining their birthdate (DD-MM) with the last 4 digits of 
their mobile number (XXXX).  
I have to point that it may be easier for other researchers who wish to 
conduct studies on such kind (i.e. multi-stages data collection for sensitive 
topics) to employ a third-party survey panel service to ensure that participants 
are truly anonymous to researchers. Alternatively, one may use the SoSci 
Survey online software (www.soscisurvey.de) which has a “Collect email 
addresses separately” function. The anonymity function ensures that identifier 
such as email addresses would not be associated with survey data, while 
allowing researchers to disseminate follow-up surveys to the sample pool. 
Given that Amazon MTurk eliminates the need to collect contact details for 
follow-up purpose, I have opted to use the more powerful Qualtrics online 
software (www.qualtrics.com) for hosting the surveys. IP address logging was 
switched off.   
Procedure  
A two-stage survey design was used to gather data from music pirates 
between the ages of 21 to 36 years old. The first stage collected data for the 
behavioral predictors while the second stage collected data on the piracy 
behavior. The online surveys were completed in April to June 2016. Non-
probability sampling method – convenience sampling was used to recruit US 
residents participants via Amazon Mechanical Turk (MTurk). MTurk is a 
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popular platform for social science data collection. The reliability of data 
collected on MTurk was comparable to data collected via conventional 
methods, and MTurk demographic was more diverse than Internet samples and 
college samples (Buhrmester, Kwang, & Gosling, 2011; Paolacci, Chandler, & 
Ipeirotis, 2010). The responses collected on MTurk workers were honest and 
consistent (Rand, 2012). A study has also shown that MTurk workers were 
more attentive than college samples (Hauser & Schwarz, 2016).  Nonetheless, 
procedural measures should be taken to ensure data quality (Goodman, Cryder, 
& Cheema, 2013). This is especially so when the primary motivations of MTurk 
workers are to supplement income and to kill time (Paolacci et al., 2010).  
First, the subjects were filtered through a short screening survey (see 
Appendix A) that was described as a media consumption survey. It attracted 
863 MTurk workers to answer questions on their music consumption, movie 
consumption, YouTube and Facebook usage, and most importantly, their 
demographic details. A screening survey is necessary as MTurk workers are 
anonymous and may be monetary incentivized to falsify their responses (e.g. 
age) to work on a listed task on MTurk. Participants were screened based on the 
following criteria: regular listening of music, illegal downloading and streaming 
of music, residing in the US, and between the ages of 21 to 36 years old.  
After filtration, 345 suitable participants were invited to join the study via 
MTurk emailing service. They were assigned with a ‘qualification’ on MTurk 
that allowed them to take the task. They were told of the true purpose of the 
study (i.e. music piracy behavior in the streaming era) and had access to the 
online Participation Information Sheet (PIS). Informed consent was obtained 
before the start of the online survey. They were also told that a follow-up 
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survey would be sent two months later. Participants were paid 1USD for 
completing the first survey and another 0.50USD for the follow-up survey. The 
median duration taken to complete the first and second surveys were 8.16 
minutes and 0.41 minute respectively. The incentive payout is in line with the 
recommended guideline of the minimum wage ratio (i.e. 7.25USD per hour) to 
encourage participation.  
Respondents 
A total of 272 participants responded to the invitation. Ten of the 
respondents did not complete the survey and of which, two of them had 
answered almost all of the survey questions. One of the respondents complained 
that pressing the submit button led to a blank screen. Of the 262 completed 
surveys, 43 responses did not pass through the criterion check of illegal 
downloading of music. All respondents passed the first attention check on the 
meaning of “unauthorized downloading”, 14 did not pass the second attention 
check and another 4 did not pass the third attention check. The second and third 
attention checks, which were embedded as scale items, asked respondents to 
respond to the question with a particular answer (e.g. “Answer strongly agree 
for this question”). This left us with 201 responses for data analysis (N=201). 
Kline (2016) has emphasized the need for large sample size in SEM 
analysis where the sample size must not be less than 100. A median sample size 
is about 200 cases based on published Structural Equation Modeling (SEM) 
studies (Shah & Goldstein, 2006). Using N:q sample size rule where the number 
of cases (N) is to the number of parameters in the model (q) (Jackson, 2003), 
this study would require 2400 cases for the recommend ratio of 20:1 given that 
the full hypothesized model has 120 parameters. While having 2400 cases 
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would be ideal; this study faced resource constraints making the ideal sample 
size unattainable. Nonetheless, using MacCallum, Browne, and Sugawara's 
(1996) definition of minimum sample size, there is adequate statistical power 
for analyzing the hypothesized model with N=201. The minimum sample sizes 
to obtain power level of ⩾.90 for the close-fit (H0:ε0⩽.05, H1:ε1⩽.08; where ε=Root Mean Square Error of Approximation; RMSEA) and not-so-close fit 
hypotheses tests (H0:ε0⩽.05, H1:ε1⩽.10) are 54 and 28 cases (MacCallum et al., 
1996). This power analysis estimated at the whole model level is based on a 
significance level of .05 with 583 degrees of freedom (full hypothesized model) 
using a hosted web-tool (Preacher & Coffman, 2006).   
There was almost equal gender representation in the sample (98 male, 103 
female). The average age of the participants was 28.69 years old (SD = 4.22, 
range=21-36). Majority of the participants had a bachelor degree (40%, n=80) 
and high school diploma (26%, n=53). The rest had associate degree (19%, 
n=38), master’s degree (7%, n=13), professional degree (6%, n=11), doctorate 
(2%, n=4), and less than high school diploma (1%, n=2) as their highest 
education degree earned. Most participants reported spending 1 to 3 hours 
listening to music (49%, n=99). The others spent 3 to 5 hours (25%, n=50), 5 to 
7 hours (11%, n=22), 0 to 1 hour (10%, n=19), and more than 7 hours (6%, 
n=11) listening to music. Participants also reported an average of 5.15 (SD = 
.98) for the importance of music (on a scale from 1 to 7 representing not 
important to extremely important).  
In terms of music consumption modes, 38% of the participants rarely 
purchase music in online stores (n=76), 31% do so sometimes (n=62), and 21% 
never purchase music in online stores before (n=42). Only a minority of the 
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participants (11%, n=21) purchases digital music files often or all of the time. 
Purchase of physical music copies has a lower take-up rate than digital purchase 
as more than 76% respondents (n=153) never or rarely buys physical music 
copies. Most respondents stream music often (42%, n=85) or all of the time 
(38%, n=76), while others stream sometimes (16%, n=33) and rarely so (4%, 
n=7). More than 64% of the respondents (n=130) do not pay for the music 
streaming service. The most commonly used streaming services were Pandora 
(n=98), Spotify (n=92) and YouTube (n=73) (see Figure 6). The least used 
services were Amazon (n=21), GooglePlay (n=15), AppleMusic (n=14), and 
Soundcloud (n=11).  
Figure 6. Word cloud on popular music streaming services. 
As compared to music streaming, there was an inverse trend for illegal 
downloading of music where most respondents pirate music sometimes (36%, 
n=73) and rarely (33%, n=66) while the rest does it often (23%, n=46) and all of 
the time (8%, n=16). As expected from previous literature (Aguiar & Martens, 
2016), there was no significant correlation (at p<.05) between frequencies of 
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illegal downloading and streaming (r=-.08, p=.28), illegal downloading and 
digital music purchase (r=-.13, p=.07), and illegal downloading and physical 
music purchase (r=-.01, p=.90). This shows that the alternative consumption 
modes are not substitutes for illegal downloading. 
Fifty-three percent of the respondents (n=107) were unlikely to stop 
illegal downloading despite having access to music streaming services, and 
34% of the respondents (n=69) were likely to do so. The rest were undecided 
on the likelihood to stop downloading of music. However, 68% (n=136) of the 
respondents reported that their downloading frequency was reduced after using 
music streaming services. Seventeen percent (n=34) of the respondents reported 
no change in their downloading frequency. Frequent music streamers indicated 
that they were more likely to stop downloading (r=.24, p<.01) while frequent 
music pirates were less likely to stop downloading (r= -.37, p<.01). The data 
suggests that the respondents perceived a high likelihood to stop downloading 
due to the availability of music streaming services although there is no 
association between their streaming and downloading frequencies. In other 
words, while it is intuitive to think of streaming as a substitution for 
downloading from the consumer’s perspective, there may actually be little 
relationship between the two consumption modes.  
In terms of illegal downloading behavior, the result suggests that music 
downloading might be a low occurrence event. Thirty percent of the 
respondents (n=61) download illegal files less than once a month, 19% (n=39) 
does it once a month, 14% (n=29) twice a month, and 13% (n=27) thrice a 
month. When asked ‘how many percentage of your music collection is made up 
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of unauthorized downloaded files’, the mean was at 49%, median at 50%, and 
mode at 90% (SD=33.59).  
The observations formed a skewed distribution, but this was expected 
given that the project recruited music pirates as sample group. Figure 7 presents 
a word cloud for the common sources for illegal downloading of music. The 
word counts for ‘Torrent’ (n=49), ‘PirateBay’ (n=35), and YoutubeMP3 (n=41) 
are prominent. Downloading can be as easy as doing a google search (n=18) on 
keyword such as ‘rar download’ (n=3) hosted on blogs and forums (n=7). The 
unexpected downloading venues are Internet Relay Chats (IRC, n=1) and the 
interception of streams from legal music services (n=2). The rest of the 
keywords points to specific websites, devices, and alternative sources such as 
‘friends’.   
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Measurements 
All items, except demographic questions and frequency of behaviors, were 
measured using 7-point Likert scale that ranges from 1= ‘strongly disagree’ to 
7= ‘strongly agree’. The constructs were adapted from existing scales of which 
the reliability and validity were established. Some items were modified to 
pertain to the current context of music consumption. In addition, original items 
were created for the expected outcome of convenience. Demographic questions 
on age, education, and gender were asked at the start of the survey for screening 
purpose. Next, questions on general listening behavior (e.g. music listening 
hours) were asked. The three attention check questions were spread out in the 
survey. And, the two validation questions were asked at the end of the survey. 
A copy of the survey can be found in Appendix B. The second survey that 
asked about music piracy behaviors was administrated two months later. The 
second survey can be found in Appendix C.  
Table 2 presents a detailed listing of the survey items, with reports of 
Cronbach’s alpha, mean, and standard deviation (SD).  
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Table 2 
 




Item wording M (SD) 
Punishment 
- PUN 
(α = .96) 
If I continue to download unauthorized music files, 
chances are… 
PUN1. I could be fined 
PUN2. I would be caught 








(α = .80) 
On unauthorized downloading of music files… 
COM1. I often try to download good songs 
COM2. I would love to download all the good songs 








(α = .79) 
On unauthorized downloading of music files…  
CONV1. I download in case there is no data connection 
for streaming music 
CONV2. I download to listen to music offline 










(α = .98) 
In the next two months… 
INT1. I intend to download unauthorized music files 
INT2. I plan to download unauthorized music files 









(α = .92) 
On unauthorized downloading of music files… 
DSR1. When I haven’t been downloading music for some 
time, I become preoccupied with the thought of 
downloading 
DSR2. I persistently think about downloading music 
when I can’t do so 
DSR3. I have difficulty controlling the amount of music 
downloaded 
DSR4. I find it difficult to control my downloading 
behavior 















(α = .96) 
In the event that I want to download a song…  
HAB1. Choosing to download unauthorized files has 
become automatic to me 
HAB2. I download unauthorized files as a matter of 
habitual choice 
HAB3. Choosing to download unauthorized files is 
natural to me 
HAB4. Downloading unauthorized files has become a 
habitual choice to me 
















(α = .91) 
In the past two months… 
BEH1. I have downloaded unauthorized music files  
BEH2. How many times have you pirated music 
BEH3. Of all the songs you have downloaded, how many 







  54 
Expected outcomes. Punishment (PUN) comprised of three items. The 
scales were adapted from Wang and McClung's (2011) study with a reported 
α=.83. The wordings were modified to make it easier to read and relevant to the 
act of downloading music. When tested with the pilot sample, the scale had an 
improved α=.96.  
Completionism (COM) scale was adapted from Jacobs et al.'s (2012) study 
that had a Cronbach alpha coefficient of α=.63. Items were modified for the act 
of music downloading. The new scale with three items had an improved α=.71 
when tested with the pilot sample.  
Convenience (CONV), was assessed based on three self-constructed 
items. The items were chosen after conducted a factor analysis. First, by relying 
on themes gathered from open-ended questions on why downloading prevails in 
the age of streaming (data from earlier work, see Ng, 2013), I constructed a 10-
item scale that was tested with the pilot sample. Factor analysis was performed 
after assessing the suitability of the collected data (presences of coefficients of 
0.3 and above, Kaiser-Meyer-Oklin value of .61 and significant Barlett’s Test of 
Sphericity).  
Principal components analysis revealed three components (with 
eigenvalues above 1) that respectively explained 54%, 12% and 11% of the 
variance. Varimax rotation further presented the three components to explain a 
total of 78% of the variance. Component 1 provided 36%, component 2 
provided 23%, and component 3 provided 18%. The items that loaded strongly 
on component 1 converged on the theme of downloading for offline listening. 
Component 2 had strong loading items revolving around the theme of 
downloading for backup purpose. Meanwhile, component 3 revolved around the 
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convenience in syncing music collection across platforms. Supported by the 
scree plot (see Figure 8), I decided to use only the three strongest loaded items 
in component 1 to represent the convenience scale. The three-item scale had 
α=.92 when tested with the pilot sample.  
Table 3 
 
Coefficients from Varimax Rotation for Convenience Items 







I download in case there is no data 
connection for streaming music .810 .381 .021 
I download to listen to music offline .912 .143 .138 
It is not that convenient to download music 
files  .030 .115 .897 
I download so to access music across all 
platforms  .547 .105 .665 
I download to listen to music on-the-go on 
my mobile devices .894 .130 .265 
I download for backup purpose .417 .792 -.052 
I download because there is a bigger variety 
of songs online than streaming .123 .881 .149 
I download to build my own playlist .523 .342 .587 
I download for better music listening quality .180 .690 .361 
I download in case I am limited by data 
quota .776 .326 .224 
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Figure 8. Scree plot on the number of components and the variance 
captured 
 
Three endogenous predictors.  Behavioral intention (INT) scale had 
three items that were selected from Wang and McClung's (2011) study with α 
=.97. When tested with the pilot sample, the behavioral scale had α =.95.  
Deficient self-regulation (DSR) was measured by five items adapted from 
Caplan's (2010) work. The original scale had six items. Unfortunately, the DSR 
scale was not tested with the pilot sample. Subsequently, due to poor 
measurement fit, one item was removed from the final analysis.  
Habit (HAB) was measured using five items from Limayem et al.'s (2003) 
work. Similar to DSR, the original habit scale had six items. It had α =.93 when 
tested with the pilot sample. One item was removed from the final analysis after 
inspection of the residuals matrix that suggested inadequate fit. The phrasing of 
the habit items was adjusted to reflect habitual initiation.  
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Piracy Behavior.  Actual behavior (BEH) was measured with three items 
adapted from piracy studies (Cho, Chung, & Filippova, 2015; LaRose et al., 
2006; Limayem et al., 2004). The survey was administrated two months after 
the first survey. The first item asked for respondents to state the level of 
agreement (1 for ‘strongly disagree’ and 7 for ‘strongly agree’) to a statement 
that confirms the piracy act. The second item asked to specify the frequency of 
downloading behavior in numerical digit. The last item measured the 
percentage of illegal downloaded files in one’s music collection over the span 
of two months. A copy of this survey can be found in Appendix C. Cronbach’s 
alpha value for this scale is based on standardized items. 
Data Preparation  
Structural equation modeling (SEM) was used for the analyses. Unlike 
traditional multivariate techniques, SEM is capable of assessing measurement 
errors and parameters for both latent and observed variables (Byrne, 1998). 
Hence, a two-step modeling approach (James, Mulaik, & Brett, 1982) was used 
to test the proposed theoretical model. The first step uses a confirmatory factor 
analysis (CFA) to validate the measurement model. The adequate fit of the 
measurement model is then assessed by the overall fit, reliability, convergent 
validity, and discriminant validity. The second step examines the structural 
model for hypotheses testing. All analyses were performed using LISREL 9.2 
(Jöreskog & Sörbom, 2015).  
Prior to analysis, the variables were examined through SPSS and an 
external web tool for missing data, positive definiteness2, multicollinearity, 
univariate and multivariate outliers, normality, and linearity. No missing values 
                                                
2 To determine positive definiteness, an online calculator for eigenvalue 
and eigenvector was used - http://comnuan.com/cmnn01002/ 
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were found and the covariance data matrix was positive definite. There was no 
evidence of multicollinearity among the independent variables based on the 
variance inflation factor and the Collinearity Diagnostics output produced in 
SPSS.  
Univariate outlier cases were found for the Likert scale items of DSR, 
completionism, convenience, economic, and social variables. However, 
inspection of the differences between the mean and the 5% trimmed mean did 
not highlight huge differences. Univariate outlier cases were also found for the 
dependent variable scale of downloading frequency. Outlier cases for 
downloading frequency were expected given that this was a count variable 
(unlike Likert scale with an upper and lower bound). Hence, the downloading 
frequency variable was transformed to mitigate the outlier effect and to improve 
skewness and kurtosis. Two cases were identified as multivariate outliers 
through Mahalanobis distance estimation with p<.0013. They were retained in 
the analysis after converting the unacceptable extreme scores to an acceptable 
extreme score that is within three standard deviations from the mean.  
The kurtosis values of the Likert scale items indicated that they were not 
severely non-normal except for the scale items for DSR. In particular, the high 
positive kurtosis values in DSR suggested little variations in responses. Since 
the SEM analyses were conducted with maximum likelihood estimation method 
that assumes normality, I used the normal score functions in LISREL to 
normalize the distributions for the Likert scale items. Logarithmic and arcsine 
square root transformations were applied to the count and proportion scores 
respectively (i.e. the items on downloading frequency and downloading 
                                                
3 Both cases were consistently extreme in their responses. 
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percentage). Alternative estimation methods (e.g. Weighted Least Squares and 
Robust Maximum Likelihood estimators) that are less stringent with normality 
requirement were also considered. However, the analysis failed due to non-
positive definite asymptotic data matrix.  
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Results  
Measurement Model  
All exogenous and endogenous constructs were tested in the CFA. The 
global fit results suggested reasonable fit between the observed data and the 
proposed model. A model’s fit explains the extent of consistency in the 
observed data with the hypothesized model in terms of their covariance matrix 
(Diamantopoulos & Siguaw, 2000). Amid of the many fit indexes in SEM, 
Kline (2016) recommends the report of the model test statistic along with three 
approximate fit indexes of RMSEA, Comparative Fit Index (CFI), and 
Standardized Root Mean Square Residual (SRMR).  
The measurement model was inadequate at the test of perfect fit where it 
had a 𝜒2(254) = 415.67, p<.001, but it passed the test of closeness of fit 
(pε0⩽.05=.14). The RMSEA=.056 with a 90% confidence interval (CI) of .046-
.066 suggested a good fit (RMSEA<.05 as good fit, .05-.08 as reasonable fit, 
.08-.10 as mediocre fit, >.10 as poor fit;  Browne & Cudeck, 1993; MacCallum 
et al., 1996). The CFI=.98, implied that the measurement model is 98% better 
than the null model. Lastly, the SRMR=.061 indicated a not bad fit. Unlike the 
other indexes, a higher SRMR score indicates a bad fit as it is a badness-of-fit 
index that reflects the average covariance residual in a standardized metric 
(SRMR <.05 acceptable fit, >.10 as unacceptable fit; Diamantopoulos & 
Siguaw, 2000; Kline, 2016). An examination of the residual statistics did not 
highlight reasons for further model modification.  
Next, we look at the relationships between the latent variables and its 
indicators by examining the validity and reliability of the constructs. 
Convergent validity and divergent validity statistics were computed in order to 
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assess the operationalization of the constructs. Convergent validity establishes 
the convergence between items to support the statement that the items were 
measuring the same construct, while divergent validity establishes the 
discrimination of items between different constructs (Trochim, 2000). The 
convergent validity (see Table 4) was assessed by examining the indicator 
loadings (i.e. item validity; Anderson & Gerbing, 1988), item reliability (R2), 
composite reliability (CR), and average variance extracted (AVE) 
(Diamantopoulos & Siguaw, 2000). The discriminant validity (see Table 5) was 
tested by comparing the square root of the AVE with inter-construct 
correlations (Trochim, 2000).  
  













Punishment (PUN)   .97 .90 
PUN1 .97 .95   
PUN2 .89 .79   
PUN3 .99 .98   
Completionism (COM)   .81 .58 
COM1 .77 .59   
COM2 .76 .57   
COM3 .76 .58   
Convenience (CONV)   .84 .64 
CONV1 .79 .62   
CONV2 .91 .84   
CONV3 .68 .46   
Intention (INT)   .98 .94 
INT1 .98 .97   
INT2 .97 .95   
INT3 .95 .91   
Deficient self-regulation 
(DSR)   .60 .71 
DSR1 .77 .59   
DSR2 .80 .64   
DSR3 .92 .85   
DSR4 .93 .87   
DSR5 .78 .61   
Habit (HAB)   .94 .72 
HAB1 .91 .83   
HAB2 .92 .85   
HAB3 .83 .70   
HAB4 .96 .93   
HAB5 .93 .87   
Actual Behavior (BEH)   .90 .75 
BEH1 .91 .82   
BEH2 .85 .73   
BEH3 .84 .71   
Note. All indicator loadings are significant at p<.05 level. 
 
All indicator loadings were significant at the p<.05 level, providing 
support for items validity in which the indicators adequately represented the 
constructs (see Table 4). The items reliability highlighted CONV3 as the least 
reliable indicator (R2 <.50; Hair, Anderson, Tatham, & Black, 1998). 
Nonetheless, based on the CR scores, the indicators as a set provided reliable 
measurement for CONV. Also, the CR scores for the rest of the latent variables 
were desirable at values greater than .60 (Bagozzi & Yi, 1988). The more 
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stringent AVE analyses presented acceptable values that are higher than .50. 
The measurement model also demonstrated adequate discriminant validity for 
all latent variables with the square root of AVE larger than the inter-construct 
correlations (Zait & Bertea, 2011) (see Table 5). 
In sum, the measurement model satisfied the validity and reliability 
criteria. The measured indicators adequately represented the latent variables. 
Having established the soundness of the measuring instrument, the theoretical 
relationships of the hypothesized model were evaluated. 
Table 5 
 
Discriminant Validity with Inter-Construct Correlations 
Construct PUN COM CONV INT DSR HAB BEH 
PUN .48       
COM .09 .66      
CONV -.01 .52 .66     
INT -.27 .52 .37 .92    
DSR .02 .23 -.13 .24 .78   
HAB -.17 .52 .29 .61 .32 .75  
BEH .02 .10 .18 .23 .10 .33 .80 
Note. Diagonals represent the square root of the Average Variance Extracted (AVE). 
 
Structural Model  
Model 1. In order to test all hypotheses, all paths were first included in 
Model 1. The hypothesized model had a reasonable global fit with the empirical 
data (see Table 6). Next, the local fit was analyzed for hypothesis testing at the 
p<.05 level (see Table 7 and Figure 9). All the beta and correlation coefficients 
reported here are standardized unless otherwise stated.  
All hypotheses in Model 1 were supported except for H3a, H3b, H6b, and 
H7a. H3a was rejected with intention not found as a significant predictor of 
behavior, INTà BEH (β=.04, p=.67). H3b was also rejected in that DSR was 
not a significant predictor of behavior, DSRà BEH (β=-.14, p=.19). H6b was 
rejected with PUNàDSR (β=.05, p=.48). Expectation of punishment outcome 
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had no effect on DSR. Lastly, H7a was rejected; CONVàINT (β=.13, p=.08) 
indicated that expectation of convenience outcome was not a predictor for 
intention to download. Insignificant paths will be removed and the model rerun 
as Model 2. However, before the removal of the insignificant paths, the indirect 




Structural Model Fit Analysis 
Fit indices Model 1 Model 2 Model 3 𝜒2 (d.f.) 431.03 (259), p<.001 419.23 (263), p<.001 342.75 (199), p<.001 
RMSEA 
[CI] 
.058 [90% CI: .048-.067, 
p<.10] 
.058 [90% CI: .048-.067, 
p<.10] 
.060 [90% CI: .049-.071, 
p<.06] 
CFI .98 .98 .98 




Maximum Likelihood Estimates for Model 1 
Hypothesis Parameter Expected sign 
Standardized 
coefficient SE Test 
H1  HABßàDSR + .62** .06 Supported 
H2  DSRà INT + .19* .07 Supported 
H3a INT à BEH + .04 .09 Rejected 
H3b DSRà BEH + -.14 .11 Rejected 
H3c HABà BEH + .40** .11 Supported 
H4 HAB > INT + - - Supported 
H5 INTßàHAB + .58** .06 Supported 
H6a PUNàINT - -.23** .06 Supported 
H6b PUNàDSR - .05 .07 Rejected 
H7a CONVà INT + .13 .08 Rejected 
H7b CONVà DSR + -.19* .09 Supported 
H8a COMà INT + .43** .09 Supported 
H8b COMà DSR + .45** .11 Supported 
H8c COMà HAB + .52** .08 Supported 
Note. SE refers to standard error. - refers to none. *p<.05; **p<.001. 
 
  





Figure 9. Model 1 (hypothesized model) with standardized coefficients. 
Coefficients with asterisk are statistically significant at *p<.05 and **p<.001. 
 
Indirect effect hypotheses.  There are mainly three categories of 
mediation testing methods, namely 1) causal step, 2) differences in coefficients, 
and 3) product of coefficients (Holbert & Stephenson, 2003). Here, the product 
of coefficients method was used as the hypothesized model involved multiple 
mediators. Holbert and Stephenson (2003) recommended using the product of 
coefficients method for mediation test, specifically the distribution of products 
coefficients equation developed by MacKinnon, Lockwood, and Hoffman 
(1998). Using Monte Carlo analyses to compare 14 mediation methods, it was 
found that the MacKinnon et al.’s coefficients test has high statistical power and 
nominal Type I error value (MacKinnon, Lockwood, Hoffman, West, & Sheets, 
2002).  
The structural coefficients are first converted into z-score by dividing the 
unstandardized estimate by its standard error (zα = α/σα for α parameter; zβ = 
β/σβ for β parameter), before taking the product of the z-scores that amount to 
the mediated effects (zαzβ). The significance test is then conducted by 
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variables (P = zαzβ; see Table from MacKinnon et al., 2002). In addition to the 
significance test, we can compute a confidence interval that is based on the 
asymmetric distribution of the z-score product using the program PRODCLIN 
(MacKinnon, Fritz, Williams, & Lockwood, 2007). Confidence interval that 
does not include zero points to a statistically significant indirect effect 
(MacKinnon et al., 2002). For brevity, the confidence interval was reported 
only when it contradicted the coefficients test finding. The magnitude of the 
indirect effects was computed as the product of path A and path B (αβ).   
The mediation analyses were conducted on coefficients obtained from 
Model 1 (see Figure 9 for full model). I started off with analyzing the indirect 
effect of endogenous variable on endogenous variable, before moving on to the 
indirect effects of exogenous variables on endogenous variables. For clarity 
purpose, Table 8 represents a summary of the findings for indirect effects.  
Table 8 
 










Endogenous variable on endogenous variable 
H9 DSRàINTàBEH .008 1.08 .20 Rejected 
Exogenous variables on downloading behavior 
H10a PUNàINTàBEH -.009 -1.71 .10 Rejected 
H10b PUNàDSRàBEH -.007 -1.02 .20 Rejected 
H11a CONVàINTàBEH .005 .743 .26 Rejected 
H11b CONVàDSRàBEH .027 2.77 .05 Rejected 
H12a COMàINTàBEH .016 1.99 .08 Rejected 
H12b COMàDSRàBEH -.063 -5.65 <.01 Supported 
H12c COMàHABàBEH .208 24.4 <.01 Supported 















Figure 10. Partial model from Model 1 to represent H9. Insignificant paths were 
dotted.  
 
 H9 hypothesized the indirect effects between the endogenous variables 
(see Figure 10). H9 was rejected; DSRàINTàBEH (αβ= .008, TS=1.08, 
p=.20). Similarly, the direct effect of DSR à BEH was not significant. There 
was no mediation of effect through intention. 
The conventional assumption in causal steps mediation analysis that a 
total or direct effect must be significant before testing for indirect effect should 
be taken with caution (Kenny & Judd, 2014; Rucker, Preacher, Tormala, & 
Petty, 2011). The causal-steps perspective argued that an indirect effect could 
not have existed without an overall or direct effect to mediate (Baron & Kenny, 
1986). However, an indirect effect may actually exist in the absence of direct or 
total effects due to power anomalies and suppression effects in mediation 
testing (Rucker et al., 2011). This highlights the importance of analyzing 
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Figure 11. Partial model from Model 1 to represent H10 to H12. Insignificant 
paths were dotted. Except for completionism that had indirect effect on 
behavior via habit and DSR, the rest of the indirect effects on behavior were 
insignificant.  
 
H10 to H12 postulated the indirect relationships between various outcome 
expectations and downloading behavior (see Figure 11). The direct effects of 
expected outcomes variables on downloading behavior are fixed to zero in the 
hypothesized model and will not be estimated so as to stay true to the model 
specification. An inspection of the residual matrix did not suggest direct causal 
paths between the expected outcomes and behavior variable. 
H10a and H10b were not supported; PUNàINTàBEH (αβ= -.009, TS=-
1.71, p=.10) and PUNàDSRàBEH (αβ= -.007, TS=-1.02, p=.20) suggested 
that punishment had no indirect effects with behavior through intention and 
DSR. 
H11a and H11b were not supported as CONVàINTàBEH (αβ= .005, 
TS=.743, p=.26) and CONVàDSRàBEH (αβ= .027, TS=2.77, p=.052) as 
insignificant paths. Convenience had no indirect effects with behavior through 
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H12a was rejected with COMàINTàBEH (αβ= .016, TS=1.99, p=.08). 
However, H12b and H12c were supported with COMàDSRàBEH (αβ= -.063, 
TS=-5.65, p<.01) and COMàHABàBEH (αβ= .208, TS=24.4, p<.01). 
Although completionism had no indirect effect with behavior through the 
mediator of intention, it had significant effects through the mediators of DSR 
and habit.  
In all, there were no indirect effects of expected outcomes on behavior, 
except for completionism via the DSR and habit mediator. The weak mediation 
effects of DSR and intention could have resulted from their weak direct effects. 
So far, the results confirmed intention and DSR as poor mediators for expected 
outcomes on downloading behavior.  
Model 2. 
Model 2 had a reasonable fit with the observed data (see Table 6). Table 9 
presents the parameter estimations from Model 2 for all direct hypotheses. Note 
that all paths remained significant except for CONVà DSR path, where the 
magnitude was reduced from β=-.19 to β=-.16.  
Table 9 
 
Maximum Likelihood Estimates for Model 2 
Hypothesis Parameter Expected sign 
Standardized 
coefficient SE Test 
H1  HABßàDSR + .61** .06 Supported 
H2  DSRà INT + .15* .07 Supported 
H3c HABà BEH + .33** .07 Supported 
H4 HAB > INT + - - Supported 
H5 INTßàHAB + .57** .06 Supported 
H6a PUNàINT - -.22** .06 Supported 
H7b CONVà DSR + -.16 .09 Rejected 
H8a COMà INT + .53** .07 Supported 
H8b COMà DSR + .45** .11 Supported 
H8c COMà HAB + .53** .08 Supported 
Note. SE refers to standard error. - refers to none. *p<.05; **p<.001. 
 
 







Figure 12. Model 2 with standardized coefficients. Coefficients with 
asterisk are statistically significant at *p<.05 and **p<.001. 
 
 
Endogenous variables. H1 was supported with HAB ßàDSR, as habit 
and DSR had a significant positive correlation (r=.61, p<.001). The more the 
lack of self-regulation, the more the habit of downloading. H2 was also 
supported with DSRàINT as a significant path (β=.15, p<.05). The lack of self-
regulation strengthened one’s intention to download music. While H3a and H3b 
were not supported, H3c was supported with habit as a predictor of behavior, 
HABàBEH (β=.40, p<.001). H4 was supported as habit (β=.40) is a stronger 
predictor than behavioral intention (β=.04) in predicting behavior of illegal 
music downloading. Lastly, H5 was supported as intention is significantly 
correlated with habit, INT ßàHAB (r=.58, p<.001). This suggested that 
intention could be both a predictor and product of habit.  
In sum, for the endogenous variables hypotheses, DSR and intention did 
not predict behavior. Habit, however, had direct effect on behavior. Habit is 
stronger than intention in predicting behavior. As predicted, habit was 
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Exogenous variables on intention.  H6a and H8a were supported; 
PUNàINT (β=-.23, p<.001), and COMàINT (β=.43, p<.001) suggested that 
expectations of punishment and completionism outcomes affected intention to 
download.  
Exogenous variables on deficient self-regulation.  H7b was not 
supported with CONVàDSR (β=-.16, p=.28) as an insignificant path. Also, the 
relationship was different from the hypothesized direction. In other words, 
music pirates engaged in processes of self-regulation when they expected 
convenience rewards.  
H8b was supported; COMàDSR (β=.45, p<.001) suggested that 
expectation of completionism outcome increased DSR. Downloaders with the 
expectation of collecting music had higher lack of self-regulation when it comes 
to illegal downloading. 
Exogenous variables on habit.  H8c was supported; COMà HAB was 
significant (β=.53, p<.001). Completionism had an effect on habit of 
downloading.  
At this stage, inspection of modification indices suggested addition of 
path from PUNàHAB. Hence, this parameter was added in model 3. We 
should expect higher outcome expectation of punishment to be associated with 
lower habit strength. Omission of path was supported through the modification 
indices statistics. In addition, one insignificant path was identified in Model 2: 
CONVàDSR (β=-.16, p=.28). Thus, this path and the observed items for 
CONV were removed in model 3. 
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Model 3.  Model 3 was run and it emerged with a good fit (see Table 6). 
Figure 13 summarized the path coefficients of the structural model, showing the 
direction and magnitude of the hypothesized relationships. The test hypotheses 
for model 3 were presented in Table 10. Significant path coefficients suggested 
that the theoretical relationships of our model were supported by the observed 
data. All paths were significant in Model 3.   
For the endogenous variables, intention was significantly correlated with 
habit (r=.60, p<.001), supporting H1. Habit was also positively correlated with 
DSR (r=.60, p<.001), supporting H5. Habit was the sole significant predictor of 
behavior (β=.33, p<.001), supporting H3c. DSR was positively related to 
intention (β=.17, p<.05), which was consistent with the hypothesized sign. 
Hence, H2 was supported. Lastly, H4 was supported in that habit was a stronger 
predictor of downloading behavior than intention. 
For the exogenous variables, completionism (β=.49, p<.001) and 
punishment (β=-.31, p<.001) were associated with intention, rendering support 
for H8a and H6a. Only completionism (β=.34, p<.001) was associated with 
DSR, supporting H8b. Completionism (β=.53, p<.001) was positively 
associated with habit, supporting H8c. Lastly, the newly added path of 
PUNàHAB (β=-.20, p<.001) is significant. The new path showed that 
punishment (β=.28, p<.001) was positively associated with habit after all. 
In all, the explanatory latent variables in model 3 accounted for 39% of 
the variance in intention, 31% of variance in habit, 11% of variance in DSR, 
and 11% of variance in behavior. Among the exogenous variables, 
completionism was the most influential predictor for the endogenous variables. 
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Figure 13. Model 3 (final model) with standardized coefficients. Coefficients 
with asterisk are statistically significant at *p<.05 and **p<.001. Bold line 




Maximum Likelihood Estimates for Model 3 
Hypothesis Parameter Expected sign 
Standardized 
coefficient SE Test 
H1  HABßàDSR + .60** .06 Supported 
H2  DSRà INT + .17* .07 Supported 
H3c HABà BEH + .33** .07 Supported 
H4 HAB > INT + - - Supported 
H5 INTßàHAB + .60** .06 Supported 
H6a PUNàINT - -.31** .06 Supported 
H8a COMà INT + .49** .07 Supported 
H8b COMà DSR + .34** .09 Supported 
H8c COMà HAB + .53** .08 Supported 
New PUNàHAB - -.20** .06 Supported 
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  Discussion 
The purpose of the study is to revisit music piracy behavior in the 
streaming age through a new socio-cognitive model. The study uses LaRose’s 
(2010) Theory of Media Habits to examine automaticity in piracy behavior by 
collecting self-reported behavioral data in a two-stage survey design. There are 
three goals. First, I took the approach of viewing the wicked problem of music 
piracy not from the rational choice theories, but from the automaticity 
perspective. And, the results suggest that habit is an integral component to the 
persistence of music piracy. Second, the study tested the new model in the 
music piracy context and found that the empirical data differed from the 
hypothesized model. This has implications on the future works and underlying 
assumptions about music piracy. Third, the study explained the mechanisms of 
piracy habit by collecting data on expected outcomes of digital piracy. While 
keeping expected outcomes as first-order factors increased the complexity of 
the model, it brought interesting findings that would have been missed if they 
were reflected as a second-order factor. In particular, the outcome expectation 
of completionism and punishment were relevant in answering why people 
download in the age of streaming.  
Habitual Piracy Behavior 
Consequently, habit is the sole predictor of behavior in the model. The 
result is surprising in that the direct effects of intention and DSR on behavior 
are trivial and insignificant. After all, behavioral intention is a construct that is 
well established in Theory of Planned Behavior. As validated by another study 
on software piracy (Limayem et al., 2004), intention is a weak predictor of 
piracy behavior when habit is taken into consideration. Also, the positive 
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relationship between intention and habit suggested that music pirates did not see 
music piracy as a bad habit that had to be changed intentionally.  
In so far among the sample of experienced music pirates, the direct effect 
of intention on behavior was negligible. Instead, having intention of 
downloading help formed the habit and the strengthened habit further reinforced 
one’s intention. Specifically, the habit phase points to habitual initiation than 
habitual execution. Long-time music pirates then rely on this automatic 
processing to choose to download music illegally. The results suggest that 
habitual downloading may be unintentional but controllable through conscious 
intention. This is good news for the music industry. Even though illegal 
downloading is habit-driven, the habit can be changed by the role of conscious 
intention. 
There are unexpected findings for the endogenous variable of DSR. While 
past literature has shown DSR as a direct predictor of behavior (Jacobs et al., 
2012; LaRose et al., 2003), the results of this study did not indicate so. It should 
be noted that this study used a different measure of DSR (see Caplan, 2010), 
which was one of the first DSR measures to distinguish itself from the habit 
construct. In this model, the lack of self-regulation did not directly affect 
behavior. But it had an effect on behavior through the relationship with habit.  
DSR was directly associated with intention of downloading (see Model 3). 
It is hypothesized that the influence of habit will produce a state of diminishing 
self-control and this deficient self-regulation will in turn strengthen one’s 
intention to download music. Indeed, compulsive behavior and cognitive 
preoccupation of downloading affected one’s intention to download illegally.  
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Also, DSR was associated with habit of downloading. To be exact, the 
latent variables of DSR and habit were correlated.  The positive correlation 
between DSR and habit implied that having diminishing self-control in illegal 
downloading of music would increase one’s habit strength in downloading, and 
vice versa. As predicted, the formation of habit reinforced the deficiency in self-
regulation mechanisms. The established stimuli-action linkage (i.e. habit) 
reduced the need for self-observation while it promoted compulsive use and 
continued preoccupation thoughts. The higher the DSR, the stronger the habit 
strength. Therefore, one is unaware of his or her compulsive use and cognitive 
preoccupation, which contributed to the habit strength.  
Unfortunately, the DSR measure used in this study is built with reflective 
items that included questions on the outcome in deficient self-regulation (i.e. 
compulsive needs and cognitive preoccupation) and not with formative items 
that would delineate the processes of deficient self-regulation (i.e. self-
observation and self-reaction). Using DSR measure that includes items on 
explaining processes and conditions will further substantiate the explanation for 
this reciprocal effect (especially on the sub-mechanisms of self-observation and 
self-reaction). In any way, the result has corroborated that habit was both a 
predictor and product of DSR.  
In sum, the results attest to the prevailing role of habit in music piracy 
behavior. Music piracy is a learned behavior that has an automaticity 
component. The findings that music piracy is a habitual behavior added another 
facet to the wicked problem. Wicked problems are notoriously hard to solve. 
The finding of the positive influence of DSR on habit suggests that changing 
the individual’s sense of deficient self-regulation mechanism alters piracy habit 
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strength. If people were aware of their deficiency in self-regulation of illegal 
downloading behavior, they might adjust their piracy habit through heightened 
self-control. The point here is ‘self-observation’ or awareness of habitual 
initiation. One must first engage in the process of self-observation. In this 
aspect, the nudging technique could be used to alter piracy behavior (Hashim, 
2011).  
Nudging (Thaler & Sunstein, 2009) is a concept that originates from 
psychology and behavioral economics. It refers to strategies that influence 
behaviors by reshaping norms to be pro-social and priming people with 
alternative choices. Therefore, certain norms can be made more salient through 
intervention to change behavior. For instance, based on the findings from 
expected outcomes of piracy, it may be worthwhile to change the perspective 
that illegal downloading helps in achieving the outcome expectation of 
completionism.  
What are the factors that affect the conscious intention, habit, and DSR of 
downloading in the age of streaming? I will now discuss the findings for the 
expected outcomes of piracy to reveal the mechanisms of habit, DSR, and 
intention of illegal downloading behavior.  
Expected Outcomes of Piracy in Music Streaming Age   
I have examined three outcome expectations that best exemplify the 
differences between legal streaming and illegal downloading. They were the 
expectations of punishment, convenience, and completionism outcomes.  
Unexpectedly, the expected outcome of convenience had no associations 
with the endogenous variables (i.e. intention and DSR). It should be noted that 
the convenience outcome expectation refers to the ‘convenience of downloading 
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for offline listening’. The mean of the convenience sales is above 5.0 (out of 7-
point Likert scale), which indicates that convenience of downloading is a 
commonly agreed expected outcome among long-time pirates. However, it 
appears that there is little association of the convenience outcome with one’s 
intention and DSR to download music. Indeed, while it is easily agreed that 
downloading brings about certain convenience such as offline listening, it may 
not be the deal-breaker. Firstly, the chance of having no data connection is 
relatively low. Secondly, offline listening has become a common feature in 
music streaming services. Hence, it is unlikely that convenience of downloading 
will be associated with one’s intention and DSR. In sum, convenience outcome 
expectation had no direct relationship with intention, habit, and DSR.  
The expected outcome of punishment was negatively associated with 
intention and habit. A higher expectation of punishment outcome decreased 
one’s intention and habit of illegal downloading. Music pirates keep their 
behavior in check when they expected themselves to be caught for illegal 
downloading. Frequent pirates were more likely to have higher expectations of 
punishment outcome (r=.36, p<.01). Nonetheless, there was a sense of 
reluctance to be caught. There was a direct effect of punishment on habit, and 
subsequently affected behavior. The analysis on habit and intention suggests the 
potential of using legal means to curb digital music piracy. Also, given that 
habit is the sole predictor of illegal downloading in the model, more emphasis 
should be placed on using the direct influence of the punishment outcome to 
change habitual downloading behavior.  
Lastly, the completionism outcome expectation is the most influential 
factor in terms of its spread across all three endogenous variables. The 
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consideration of the completionism outcome is in both conscious and automatic 
processes of decision-making. The influence of completionism factor was 
strongest for habit (β=.53), followed by intention (β=.49) and DSR (β=.34). The 
results show that the higher the expectation of favorable completionism 
outcome, the stronger the intention, habit, and DSR of downloading. Consistent 
with a previous study (Ng, 2013), this study found that the need for digital 
possession fueled the intention to download music. There may be an inherent 
collector’s mentality where “owning” music is preferred over “accessing” 
music. This may encourage some individuals to continue their pirating 
activities, as they perceived gratifications differences between collecting music 
via downloading versus streaming.  
 LaRose (2010) has differentiated immediate outcome expectations from 
long-term average outcome expectation. Accordingly, immediate outcome 
expectation should be associated with intention and self-regulation while long-
term average outcome expectation with self-regulation and habit (see Figure 
2b). As mentioned before, unless it is a longitudinal study where a new 
intervention is introduced, there is little basis for operationalizing immediate 
outcome expectations from long-term outcome expectations. Nonetheless, the 
discussion below on immediate and long-term outcome expectations remains in 
the exploratory realm.  
Therefore, completionism and punishment could be factors of both 
immediate and long-term outcome expectation. The urge for collecting music 
and the concern of legal punishment outcomes will be considered more saliently 
than other factor such as convenience. The reward of downloading music for 
complete music collection is expected to occur both immediately and for a long 
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term. Downloading music for music collection will require little deliberation 
effort as this long-term outcome expectation is already established in memory 
and is reinforced by the lack of self-regulation. The concern of legal 
punishment is also on the conscious and unconscious channel of mental 
processing. However, it has little association with self-regulation. In other 
words, legality concerns will help reduce intention and habit of downloading. 
But first, it requires the self-control and self-regulation to be activated in order 
for the individual to act.  
A Socio-cognitive Model of Piracy Habit 
This study has tested LaRose’s model of media habits with the 
phenomenon of music piracy. The original model hypothesized a dual system of 
cognitive processing where both habit and intention are direct antecedents of 
media consumption behavior. However, when tested on the music piracy 
phenomenon, not all hypothesized paths were supported. Intention and DSR did 
not predict illegal downloading of music.  
Nonetheless, the hypothesized dual system is achieved with habit as direct 
predictor and intention as indirect predictor for piracy behavior. This study has 
demonstrated that the integration of the habit construct in a behavioral model 
adds to the validity of explaining music piracy behavior. While not all 
hypotheses were supported, LaRose’s model of media habit yielded an 
acceptable fit even in the initial estimations. Indeed, LaRose’s proposed model 
is ratified by past literature. But it may not be robust enough to explain all sort 
of media consumption behavior or to adapt to contextual variations. It is 
possible that testing LaRose’s model with another phenomenon (e.g. social 
media usage) or a different sample pool (e.g. teenage music pirates) will result 
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in a different structural model than the model for this study. Nonetheless, it 
should be noted that LaRose’s model is explanatory at its core by describing the 
how and why in the causal relationships. This study tested LaRose’s model as a 
predictive model among music pirates from 21 to 36 years old, who pirated 
more than the younger or older age groups. In all, the study has an adequate 
model that explains the persistence of music piracy behavior among the young 
adults.  
 In this model, the dependent variables accounted for 11% of the 
variability in illegal downloading behavior, 39% for intention of illegal 
downloading, 11% for DSR, and 31% for habit of illegal downloading. In 
comparison, the average variance of behavioral intention and behavior 
explained by the TPB model were 27% and 39% respectively (taken from 185 
published works prior to 1998; Armitage & Conner, 2001). Jacobs et al.'s 
(2012) model explained 23% of the variance in movie piracy behavior. 
Limayem et al.'s (2004) model accounted for 17% of the variance in software 
piracy behavior and 69% in behavioral intention. Finally, for music piracy, 
LaRose and Kim's  (2007) model accounted for 24% of the variance in DSR and 
30% of behavioral intention. No comparable figure was found for the habit 
construct because it was represented as DSR in past works (LaRose & Kim, 
2007; LaRose et al., 2006) or as exogenous variable (Limayem et al., 2004; 
Nandedkar & Midha, 2012).  
In retrospect, the predictive power of this model is better off for 
behavioral intention. However, it is lacking in the prediction of behavior. This 
could be due to the measure used for piracy behavior. The reason is that music 
piracy can be a low occurrence event that may not happen even within two 
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months. One improvement that could be made to the scale is to lengthen the 
measurement period to three months or more (instead of two months). 
Nonetheless, the three items measure for piracy behavior has demonstrated 
validity and reliability. 
In terms of the measurement model, the results show that the habit and 
DSR constructs could be statistically distinguished despite the considerable 
theoretical overlap between both concepts. Hence, there is little reason to merge 
both concepts together for future works. Future works should also be wary of 
the inconsistent definitions and measurements of the habit construct. In 
addition, the constructs for outcome expectations are reliable and have good 
construct validity. Outcome expectations were reexamined to reflect 
consumption of music in the streaming age. This is important, as the result has 
shown that outcome expectations evolve with the emergence of new 
technologies. The research field should not hesitate about studying a well-
studied phenomenon (such as digital piracy).  
The incorporation of outcome expectations as first-order factors (and not 
second-order factor) in the model is an attempt to aid the development of a 
middle-range theory to explain the persistence of music piracy behavior. 
Although it may have resulted in a complex structural model that may be 
excessively comprehensive, it is more desirable to be excessive and find out the 
negatives for the model than be parsimony and miss detecting the relationships. 
Nonetheless, given that this model of music piracy habit is in essence at its 
infancy stage, the model should be further refined in both comprehensiveness 
and parsimony.  
  
  83 
Conclusion 
Music piracy remains a wicked problem as long as the habit of illegal 
downloading is not changed. People do not just depend on rational thinking 
when they engage in illegal downloading behavior. Through this study, we see 
how rational thinking take a back seat and habit steers behavior among frequent 
music pirates. Intention and DSR are important factors that reinforce habit 
strength, although they do not directly affect behavior itself. The fear tactic of 
legal threat works well to a certain extent where it reduces intention and habit of 
downloading music. However, even the punishment outcome has limitation as it 
is not associated with the self-regulation of behavior. This study also explains 
why people download illegally despite using music streaming services. To be 
clear, the respondents in this study stream more regularly than they pirate. The 
outcome expectation of completionism continues to influence the behavior. In 
particular, the urge for digital possession and collection of music files drives the 
intention, habit, and DSR of downloading. 
How then, should the industrial practitioners approach the thorny issue of 
changing habit – a mental construct that is notoriously hard to change? 
Individuals with strong habit are more likely to stick to their habitual choice of 
behavior and are less likely to consider or search for information prior to 
decision-making (Aarts & Dijksterhuis, 2000). The results suggest that when 
music pirates have deficient self-regulation, their habit strength in illegal 
downloading increases. If only we could point out to the individual that his or 
her behavior is excessive and needs to be regulated. Hence, to reduce habit 
strength, we can reduce deficient self-regulations by heightening expectation of 
punishment and lower the expectation of achieving completionism outcome.  
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Heightening expectation of punishment can be achieved by legal means 
while lowering expectation of completionism may be obtained through design 
intervention to fulfill a strong need for digital collection and possession. This 
should be coupled with the nudging method to make one aware of the 
deficiency in self-regulation – that their behavior is excessive or not necessary 
(self-observation), and alternative choices are available (self-reaction). For 
instance, if music pirates observe that illegal downloading is becoming an 
obsolete mode to acquire music, piracy habit may be altered through heightened 
self-control. Practitioners should also look into methods to moderate the cue-
habit linkage so as to reduce habit strength. Future work can design an 
intervention study to see if the awareness of DSR decreases habit with nudging 
techniques.  
For academic researchers, this study has shown a different piracy model 
guided by social cognitive theory and dual-system processing literature. 
Inclusion of the habit and DSR construct in media consumption studies will 
bring new insights to answer the how and why of media behaviors. Rational 
choice theories are eminent in the communication field while dual process 
models are less studied. Hence, I will urge more studies on media consumption 
behavior to embrace the study of automatic component in media choices. The 
study of media habit should be more than adding the construct in an established 
model, but a thorough discussion of habit in its appropriate definition and 
measurement (be it a study of habit initiation or habit execution).  
Limitations 
This study had contributed to the communication field by testing a model 
of media habits on a thorny issue – music piracy. The emergence of music 
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streaming technologies gives rise to the opportunity of looking at the expected 
outcomes and persistency of music piracy from the habitual perspective. It had 
provided explanations for the stickiness of music piracy problem among the 
young adults. However, there are several limitations worth noting.  
The most glaring methodological limitation in this study is the causal 
inferences from survey data. In spite of a two-stage data collection method 
where the measurement of causal and mediator variables were conducted at 
Time 1 and outcome variable at Time 2, the causal relationships between the 
outcome expectations and endogenous variables cannot be confidently 
concluded. Longitudinal study is necessary to strengthen the veracity of the 
model. In addition, mediation analyses entail the measurement of causes before 
mediators and finally the outcomes (Kline, 2016). However, the applicability of 
a study design with time precedence may not be relevant in a population who 
had already experienced and formed expectations for the causes, mediators and 
outcomes. Claiming causal effects using an experimental design with the 
introduction of a new media platform or new behavior may be attainable. It may 
also allow researchers to further explore the concepts of immediate and long-
term outcome expectations; constructs with temporal elements. But piracy is a 
common practice that may preclude itself from that criterion of “new behavior”. 
It may be difficult to source a population that will see piracy as a new behavior. 
Also, ethical concerns about such design may surface. In all, although the 
collected data fitted well with the resultant model, we should keep in mind that 
alternative causals models might fit equally well or perhaps better. The building 
of an alternative model of media habit must be theoretically driven (Kline, 
2016).  
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Another methodological limitation is with the reliance of self-report data. 
The use of objective measures for music piracy behavior would have increased 
the measure’s validity. The nature of this study on deviant behavior, however, 
makes it difficult to obtain data of actual piracy behavior. The discussion in the 
methodology section provided a hint of the difficulties in getting approval from 
the IRB board to measure actual piracy behavior. Similar to the behavior 
construct, the habit construct could have been measured in a more objective 
manner. The strength of the measures was based on the individual’s perceptions 
of magnitude. However, a study that aims to obtain objective measures would 
likely to be logistically more complex.  
The study was conducted with Mturk samples through convenient 
sampling, giving rise to the concern of external validity. Generalizing results 
from this study would be limited to an America population between 21 and 36 
years old. The small sample size (n=201) was adequate for SEM estimations 
(for one, there was little technical issues faced during the analysis), but precise 
estimation of a complex model requires bigger sample size. Unfortunately, the 
limited resources for this study restraints the recruitment of a bigger sample 
pool. Future works should consider these aspects. As Kline (2016) has put it 
plainly, “SEM requires large samples” (p.14).  
Future Research on Measures 
At this point, I wish to highlight that there are inherent challenges in 
measuring habit. Problems for the measurement of the habit construct are not 
new and will hinder further development on media habits (Gardner et al., 2012; 
LaRose, 2015; Naab & Schnauber, 2014). Hence, I will like to dedicate the 
discussion on future research to the issue of measurements.  
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Explicit measure was used in this study. But it is not necessarily the most 
optimal way of measuring habit. Current measuring scales for habit (e.g. SRHI) 
are designed for general habits and not for contextual specific ones such as 
“choosing to download music”. In fact, automaticity is better measured with 
implicit measures (Keatley, Chan, Caudwell, Chatzisarantis, & Hagger, 2015). 
Future works on media consumption habit should use implicit measure. Implicit 
measures are less used in communication field (e.g. RFMMH; Naab & 
Schnauber, 2015), though it is often used in social psychology studies. Having 
the definition of piracy habit as a cognitive structure of impulsivity allows the 
use of implicit measure with Response Interference (RI) tasks. Future works 
should employ the use of implicit measures to examine media habit. Regardless, 
both implicit (e.g. lexical decision task) and explicit measures (i.e. retrospective 
self-report) of habit are complex to carry out (Gardner et al., 2012; Labrecque & 
Wood, 2015; Naab & Schnauber, 2014). 
For instance, RI tasks are a type of indirect measurement procedures that 
assess automatic associations based on response interference. (Gawronski, 
Deutsch, & Banse, 2011). One such RI task, the Go/No-Go Association Task 
(GNAT; Nosek & Banaji, 2001), is suitable for piracy habit as it measures 
response inhibition - the ability to inhibit or suppress a habitual response. GNAT 
requires participants to perform classification of stimulus items quickly. 
Participants are tasked to indicate a “go” response when shown the target 
stimuli and a “no-go” response when shown the distractor stimuli. 
They could be instructed to press the spacebar button on the keyboard 
when the displayed stimulus is either related to downloading (e.g. “free mp3”) 
or an approach word (e.g. “advance”), and to withhold their response when the 
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displayed stimulus is either related to diseases (e.g. “cancer”) or an avoid word 
(e.g. “escape”). For the logic of RI tasks, quick yet accurate responses are 
instigated when the concepts of the classifying task are congruent with 
participant’s automatic associations (e.g. downloading-advance; diseases-
avoid). When concepts are incongruent with participant’s automatic 
associations (e.g. diseases-advance; downloading-avoid), responses 
performance deteriorates as the dominant response was suppressed for the 
instructed response.  
Other than advancing works on habit through appropriate measures, future 
works can advance the scale for DSR. As demonstrated in this study, DSR is a 
fairly new concept that has room for improvement on its operational definition. 
DSR measure can be improved by having formative items on its scale to 
measure the sub-mechanisms of deficient self-observation and deficient self-
reaction instead of having summative items that measure the by-products of 
being deficient in self-regulation. This would also shed lights on the interplay of 
automaticity components and answers how does DSR influence habit. 
Meanwhile, challenges in methodology lie ahead for researchers who wish 
to attempt further works on piracy habits, including the ethical issue of 
collecting actual piracy data whether through self-report or observations (e.g. 
digital ethnography). Despite the challenges of measurements, further works on 
improving the model of media habit is worthwhile in the interest of merging the 
habit literature with existing theories of media consumption behavior. It will 
help to build a more robust theory of media habit to explain the automatic 
mental processing in media consumption. Also, the study of digital piracy 
deserves more attention especially in the streaming age where media values of 
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digital artifacts are rapidly evolving. Moving on to design interventions to 
change habitual media behavior would be a step forward for the 
communications field. These proposed future works will have broader 
implications for advancing the theory, methods and practicality of studying 
media consumption behaviors. 
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Appendices 
Appendix A – Screening Survey 
 
Default Question Block
Please take a short survey (~1 min) here to join the 3-part study -
This is part one of a three-part survey study. 
If you are selected, the second survey will take 10 minutes and you will get $0.50 for completing the survey.
The third survey will take less than 1 minute to complete it. You will also get $0.50 for completing the third survey.
Answer all the questions below.
 
Please answer honestly. You will find it more enjoyable to perform the second and third surveys if you are truly suitable for it. 
What is your gender?
What is your age?
How frequent and important are these activities for you?
How do you get your online entertainment contents?
How do you consume these digital products?
Thank you very much for your time. You will be notified via email if you qualify to enter the second survey. 
 
Please click next to submit this survey. You will receive a completion code upon submission.
 
Please copy the code, and complete the HIT assignment on Mturk.
Male
Female
How frequent do you engage in this activity? How important is this activity?  













Listening to music  
Watching movie  
Surfing Facebook  
Surfing Youtube  
I pay for it I get it for free  
Never Rarely Sometimes Veryoften
Almost all the





Digital Music  
Digital Movies  
I stream them 
(e.g.Netflix, youtube, spotify)
I download them 
(e.g. Google search)
I purchase physical/digital copies
(e.g. iTunes, Google play, Amazon store)  
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Appendix C – Follow-up Survey 
 
